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A mis padres, Edoilma y Javier, que pusieron a latir
este corazón, les debo una vida de entrega y todo lo
que soy.
A mi companera incondicional, Patricia, por unir su
corazón al mio para latir a una misma frecuencia.
A Valeria, mi hija amada, por transformar mi
existencia y hacer que este corazón renovado, con
su existir, lata a mayor potencia de la que creia
tener.
A mis hermanos, Lilly y Fernando, por apoyarme
en cada paso.
A mis numerosos tios que siempre me han dado una
mano.
A mis abuelos, amorosos angeles que viven en mi
corazón.
A esas personas que estuvieron en el momento
oportuno.
A los mentores que han desfibrilado mis pensa-
mientos.





I would like to thank my advisor German Castellanos for his support and guidance. His scien-
tific achievements have inspired my work and my professionaldevelopment. With his teaching I
learned how to do a proper research with the rigor of a scientist.
It was an honor for me to be part of the of the Signal Processingand Recognition Group. Specially
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En esta tesis se demuestra como un monitoreo cardiaco optimizado puede mejorar la capacidad
diagnostica de cardio-patologias. A lo largo de seis capı́tulos se presentan y discuten un conjun-
to de metodologı́as para diseño de sistemas vestibles de monitoreo cardiaco (WMS). Se plantean
alternativas de solución a los principales problemas de perturbaciones, caracterizacion y procesa-
miento multimodal de bioseñales, originados al llevar la atención medica a sistemas moviles.
El capı́tulo1 es una introducción a la tesis. Comienza con el planteamiento del problema, seguido
por la justificación, la hipótesis que será probada y los objetivos de la investigación. El capitulo2
es una revisión del estado del arte, organizado en tres partes: dquisición, procesamiento de señales
y optimización de diseños.
En el capı́tulo3, se presentan contribuciones relacionadas con el hardwarede adquisición, in-
cluyendo nuevos modelos y técnicas para manejar aspectos de higiene, contacto electrodo-piel,
e influencia del contexto. Tambien se desarrollan prototipos usando las metodologias propuestas
que seguidamente son evaluados. Una vez desarrolladas las herr mientas basicas para adquisición
ambulatoria, el capı́tulo4, se enfoca en tres nuevos metodos para el procesamiento de señal s ECG.
El capitulo5, describe un metodo para optimizar el diseño de sistemas vestibles para la aplicacion
especı́fica de monitoreo cardı́aco. Finalmente, el capitulo 6 es una discusion sobre los hallazgos
de la investigacion con relacion a los metodos usados para desarrollar sistemas vestibles y las
observaciones que conducen a la validación de la hipótesis.
Palabras clave: Sistemas Vestibles de Monitoreo, Procesamiento de Sẽnales, Optimizacíon de Disẽno,
Sensibilidad al Contexto, Aceleracíon, Biosẽnal, Electrocardiograma, Electrodoctor, Electrocardio-
grafı́a, Arritmia, Fibrilaci ón Auricular, Contracci ón Ventricular Prematura, Transformada Wavelet
Discreta, Superhidrofóbico, KNN, Maquinas de Soporte Vectorial, Optimizacíon Multiobjetivo .
X
Abstract
The study presented in this thesis demonstrates how new appro ches for cardiac monitoring can
be useful to improve cardiovascular health risk assessment. Throughout six chapters, a set of me-
thodologies for designing wearable monitoring systems (WMS) is presented, evaluated and dis-
cussed. Alternative solutions based on new hardware approach, signal processing and optimisation
are proposed to the main challenges of noise disturbances, signal characterization and multimodal
processing, originated from ambulatory acquisition in daily life scenarios.
Chapter1 provides an introduction of the thesis. It begins with the research problem statement,
followed by the justification, the hypothesis to be proved bythe results and the objectives of the
research. Chapter2 is a review of the state off the art, organized into three parts: cquisition, signal
processing and optimisation of designs.
In Chapter3, contributions regarding the acquisition hardware are presented, including new models
and techniques to manage aspects of hygiene, electrode-skin contact, and context influence. Also,
prototypes using the proposed models are developed and evaluated. After having developed the
basic tools for ambulatory data acquisition, Chapter4, is focused on three novel methods for the
processing of ECG signals.
Chapter5, describes a method to optimise the design of these systems for the specific application
of cardiac monitoring. Finally, Chapter6 is a discussion about the research findings regarding the
methods used to develop WSM and observations for the validation of the hypothesis.
Keywords: Wearable Monitoring Systems, Signal Processing, Design Optimization, Context Aware,
Acceleration, Biosignal, Electrocardiogram, Electrodoctor, Electrocardiography, Arrhythmia, Atrial
Fibrillation, Premature Ventricular Contraction, Discre te Wavelet Transform, Superhidrophobic, KNN,
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1. Introduction
How wearables can improve the cardiac diagnosis.
This chapter provides an overview of the thesis in five sections. It begins with the research
problem statement, followed by the justification for this particular research. The third section
states the hypothesis to be proved by the results. The fourthsection discuss the objectives of
the research. Lastly, the fifth section depicts the general structure of the manuscript.
1.1. Problem Statement
Access to healthcare presents a number of historical challenges [64], including the the restricted
availability of diagnostic tools that affects vulnerable populations [191, 34]. This problem is pre-
sent in the case of cardiovascular diseases, which are the bigg st cause of deaths worldwide and
often occur during routine daily activities [79]. In part this is due to the fact that physicians must
spend important time performing routine tasks, and it wouldbe very useful to have a method to
simplify the Holter register prior to its visual inspection[137]. Considering this situation, policy
makers of the health system and health care consumers have expressed the need to improve access
to health care service [2, 191], which becomes one of the Millennium Development Goals [196].
An alternative to increase the coverage of health services is promoted by the United Nations Pro-
gram for Development (UNDP). In [150] the high-level panel of experts on information and com-
munication technology reports important improvements in the delivery of services such as health
care through the application of telemedicine, thanks to theuse of ICT.
Various authors have investigated how ICTs can be implemented in the health sector. Current
applications include the use of portable sensors for ambulatory monitoring, teleconsultation and
interaction with health institutions [173, 148, 67, 191, 172, 111]. Thus ICTs constitute a relevant
tool to facilitate the wellbeing of people [191].
For this reason, there is an increasing trend toward realizing electrocardiogram (ECG) acquisition
using mobile networks [89, 88]. World Health Organization (WHO) encourages the development
and use of wearable acquisition systems; however, this callimp ies an effort to reduce disturbances
caused by movement and preserving hygienic conditions. Measur ments are disrupted by move-
ment artifacts, sensor mismatch and electromagnetic radiation [75]. Noisy datasets make difficult
the characterization of different biosignals. At the same ti e, the characterization conditions the
real-time multimodal biosignal processing. Moreover, thehigh dimensionality of the data requires
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the use of robust systems for assisted diagnosis with low computational cost.
This work proposes a series of models and methods for the developm nt of ambulatory and wea-
rable monitoring systems, intended for real-time assisteddiagnosis. The prevalence of avoidable
deaths is influenced by the weakness of prevention campaignss well as by the difficulty of provi-
ding medical care and outpatient feedback [64, 171].
Wearable Monitoring Systems (WMS) refer to the miniaturised ICT systems that are embedded in
user’s clothing and are devised to collect and transmit biomedical signals seamlessly and unobtrusi-
vely. The adoption of such systems is expected to grow significa tly in the coming years due to the
recent advances on electronics, new long–term physiological monitoring requirements, and health-
care costs reduction needs. A myriad of such systems has already been described in the scientific
literature [74, 215], addressing a disparity of pathologies and clinical frameworks. Nevertheless,
the design of suitable and usable WMS remains a challenge dueto th number of technical and
medical issues they are still faced with [143, 110]:
Size, weight, cost, power consumption.
Data availability and security, interoperability, privacy, dependability, connectivity.
Among all the possible physiological monitoring applications of WMS, detection and manage-
ment of cardiac conditions during daily activities is probably the most important and most studied
one. Cardiovascular disease risk assessment requires continuous long–term monitoring for accura-
te diagnosis and treatment management. WMS very well suit these needs, and being heart diseases
among the most widespread, yet preventable, and costly health problems in the developed coun-
tries, investment in WMS will pay–off. Heart failure is one of the leading causes of mortality,
disability, hospitalization, and overall health care-relat d costs [32].
However, the advent of ubiquitous physiological WMS for cardi c pathologies is also constrained
by the issues stated above. There are a number of conflicting and competing WMS features, and
in order to achieve a successful clinical introduction and operation of these systems, an efficient
management and optimisation scheme of the interactions among these conflicting features has to
be achieved.
In order to perform measurement of biosignals in moving subjects, it is necessary to solve three
problems of digital signal processing such as:
Difficulty caused by the disturbances during ambulatory acquisition.
Complexity of the characterization and multimodal bio-signal data processing while keeping
a moderate computational cost.
The design problem to find trade-offs between the critical variables and functions influencing
the wearable monitoring systems.
In conclusion, the design of a portable ambulatory monitoring system, with real-time assisted diag-
nostic functions, is still an open problem, due to the presence of disturbances, the complexity of
1.2 Justification 3
the bio-signals characterization, and the difficulty of multimodal biosignal processing keeping a
low computational cost.
1.2. Justification
The first strategic objective of the World Health Organization (WHO) [205] states:“to ensure
improved access to, quality and use of medical products and technologies”. Telemedicine is pro-
posed as a tool that improves coverage and saves lives [206] . In fact, there are many successful
cases worldwide [132, 41, 161]. However, acquisition techniques need to be adequately improved
in moving patients. For example, one of the main reasons why cardiovascular diseases remain the
biggest cause of death is that heart failures can occur suddenly uring daily activities, and far from
a hospital [134]. About 80% of people affected by heart failure are over60 years old, and many of
them live alone; therefore society needs to be prepared to provide solutions to the growing needs
of the aging population [65].
In applications like prevention and treatment of cardiovascular diseases, there is a need for conti-
nuous monitoring of heart rhythm activity during daily lifeactivities lasting long time periods and
fairly exceeding the ability of conventional 24-hour holters. Moreover, the longer the patient is mo-
nitored - the greater the likelihood of detecting hidden cardio-pathological episodes as suggested
in [200].
However, development of long-term ECG monitoring systems is not a trivial problem to overcome
since improvement of some essential design elements remains an open issue. For illustration, the
use of conventional gel-based electrodes and skin preparations may lead to skin irritation, and
they are still not suitable for long-term periods of time [66]. Nonetheless, the primary concern
is how to implement a minimally invasive monitoring system that measures and transmits ECG
signals during the largest time [129]. In this regard, an ambulatory telemetry monitoring system
is presented in [19] that can store and transmit information up to30 days, but it needs to change
its electrodes and charge battery on a daily basis, interrupting measurement at critical moments as
pointed out in [129].
In this regard, wearable mobile health-care systems along with telemedicine have a high impact
in monitoring cardiac health status, where real-time impleentation of algorithms, by example in
smart-phones at mobile environments, is critical for earlydetection. Particularly, real-time auto-
matic classification should be of benefit in early diagnosis [155]. Nowadays, there is a tendency
for nurses or patients by themselves carrying out measurements and transmitting biosignals to spe-
cialized personnel, who is thousands of miles away, throughwearable devices (smart phones and
innovative mobile information services) that improve patien access to medical specialists [207].
For the above reasons, it is appropriate to contribute to development of portable and comfortable
medical care technology, which can reduce disturbances, being capable of perform characterization
and multimodal processing with low computational cost.
In this regard, theSignal Processing and Recognition Groupof theUniversidad Nacional de Co-
lombia sede Manizaleshas considerable experience [180], which includes the identification of
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cardiac arrhythmias using adaptive techniques and the relevanc analysis of stochastic biosignals
for detection of pathologies [174].
The accumulated experience ensured the successful projectc mpletion, which is financed under
the law number1286 of 2009 [160] by theDepartamento Administrativo de Ciencia, Tecnologia e
Innovacion, COLCIENCIAS, through theGeneracion del Bicentenarioprogramme that lays emp-
hasis on research, innovation and entrepreneurship.
1.3. Hypothesis
Wearable systems can be used for real time processing and very long-term cardiac monitoring,
increasing the likelihood of find episodes usually not detect d in short-term monitoring. This is
due to the fact that ”The longer the patient is monitored - thegreater the likelihood of detecting
hidden cardio-pathological episodes [200]”.
1.4. Objectives
1.4.1. General Objective
To develop and evaluate a methodology for designing wearable health monitoring systems, focused
on balancing conflicting goals and variables involved in multimodal acquisition and processing.
1.4.2. Specific Objectives
To propose a methodology for multichannel biosignal data acquisition.
To extract the basic patient information with the aim of processing the acquired multimodal
features to perform real-time assisted diagnosis.
To optimize a generalized cost function, proposed based on interactions between design
variables, assigning weighting factors, obtained from theevaluation of information on signal
quality, hardware issues, ergonomics, comfort and other critical variables.
1.5. Outline of the Manuscript
In order to use WMS for long-term acquisition and monitoringof biosignals, WMS designs must
overcome the challenges associated with finding an appropriate balance between the various design
criteria. First, it is necessary to identify the most important variables and criteria influencing the
wearable health monitoring systems, then a mathematical modelling must be performed. Finally, a
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multi-objective approach may be used as a tool to optimize the functions. Model fitness and measu-
rements of categorical and quantitative variables for different types of data can help to model these
systems. To obtain the maximum benefit from this methodology, real time processing algorithms
should be incorporated with such wearable systems. To achieve this purpose the remainder of this
dissertation is organized as follows:
Chapter Two: The state-of-the-art in ambulatory monitoring systems, signal processing, cri-
tical variables and design goals are presented. Current situation and challenges related to
ambulatory monitoring of biosignals are mentioned.
Chapter Three: A combination of theoretical and experimental approaches for the design and
study of wearable ECG monitoring systems (hardware component).
Chapter Four: We develop automated methods for real-time multimodal processing (software
component).
Chapter Five: Our methodology for optimal design of wearable monitoring system (optimi-
sation component).
Chapter Six: The main findings of the study are discussed and interpreted. Conclusions based
on the findings and outlook of future research steps.
2. Related Work and State-of-the-Art
The new generation of cardiac monitoring systems.
In this approach, the design of Wearable monitoring systems(WMS) is developed in three
stages:1) design of WMS acquisition hardware,2) development/integration of signal pro-
cessing algorithms and3) optimisation of WMS. Because of that, this review is organized
into three sections (Fig.2-1): acquisition, signal processing and optimisation of design . In
Section2.1 the actual situation of Ambulatory Monitoring Systems (AMS) and Wearable
Monitoring Systems is discussed. In Section2.2 relevant signal processing techniques for
WMS are presented (pre-processing, characterization and multimodal processing). Lastly,
Section2.3 summarizes the most important objective functions and critical variables that
should be considered during the design and optimisation of WMS.
Wearable Monitoring Systems (WMS) refer to the miniaturised ICT systems that are embedded in
user’s clothing and are devised to collect and transmit biomedical signals seamlessly and unobtrusi-
vely. The adoption of such systems is expected to grow significa tly in the coming years due to the
recent advances on electronics, new long-term physiological monitoring requirements, and health-
care costs reduction needs. A myriad of such systems has already been described in the scientific
literature [74, 215], addressing a disparity of pathologies and clinical frameworks. Ambulatory-
Wearable Monitoring Systems can provide valuable information to the physician and nursing staff
about the physiological condition of the patient during daily life activities. With this information,
clinicians can assess a condition and take an appropriate decision about the treatment of a patient.
Nevertheless, the presence of disturbances is a problem conditioned by the skin-sensor and power-
line coupling. The disturbances reduction is achieved during acquisition and signal pre-processing,














Figure 2-1.: A general scheme of this review
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A collaborative hardware and software scheme can provide increased feedback, allowing signi-
ficant reduction of disruptions. An example is the case of Harad [75], who implements the es-
timation method for adjusting the orientation models usinghardware and software according to
the environment, to exclude the effect of interference by movement. The hardware is focused on
the sensors and electronic filters, while software involvespr -process algorithms with filters that
reduce the undesired components and performs real-time pattern recognition.
Further, the design of suitable and usable WMS remains a challenge due to the number of technical
and medical issues they are still faced [143, 110]. For this reason, the optimisation allows to find
the best fit exploring a wide range of design parameters. The next section is devoted to review
several approaches for data acquisition on WMS.
2.1. Hardware for data acquisition
There is a reason to look for different alternatives to traditional medical monitoring technology. In
particular, considering the clinical need for biomedical screening and ambulatory long-term con-
trol. Overall, one of the main problems in measuring biosignals during daily life over the long
term, is related to disturbances and motion artifacts. For instance, electrocardiogram (ECG) base-
line wander is caused by moving the electrodes on the skin. This issue is strongly correlated with
electrode-skin adhesion.
In addition, there is a lack of trade-off between wearability, functionality, power and cost of mo-
nitoring devices. As result, the long-term biosignal measurement, is an open problem that recently
has attracted significant attention. It can be approached from a design perspective, focused on
building human centric wearable systems for ECG measurement, combining acquisition with low
disturbance caused by movement, comfort, low power consumption, safety and low economic cost.
To meet this demand, a variety of prototypes and commercial products have been produced in the
course of recent years, which aim to provide real time information on the health status. The weara-
ble systems are broadly defined as mobile electronic devicesthat can be embedded unobtrusively
into the user as part of clothing or accessories, that“unlike conventional mobile systems, can be
operational and accessible with or without very little hindrance to the information recorded in
patient activity” [116, 8, 143].
As shown in (Fig.2-2), AMS will be reviewed and classified depending on usage and distance to
the body, inspired in part by [46]. This classification is1) Transdermal: surface implantables,2)
Epidermal: attached to skin, i.e. tattoos, patches.3) In garments: i.e. t-shirts, capacitive electrodes.
4) Ingestables: pills and capsules that pass through the digestive tract, i.e. capsule endoscopy.
Wireless body area networks and systems for wearable medical monitoring are currently under
investigation; in this review several prototypes of sensornodes for medical applications are pre-
sented [42, 106, 69, 113, 189], these nodes are based on different contact techniques. Some of the
most important researches in this field, manufacturers as well as various available products in the
market are summarized in Table2-1.
Sensor system plays an important role in noise reduction. Inthe state-of-the-art developments to
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Figure 2-2.: Classification of sensors according to location on the body: 1) Transdermal,2) Epi-
dermal,3) Garments,4) Ingestables.
measure vitals of breathing rate, cardiac function, body temp rature [120], and multipoint human
motion [14] can be found. The sensors are based on elastic deformation in the abdominal region
and chest, voltage and temperature changes [195], infrared optics, acceleration [141] and adhesive
patchs.
Partially invasive sensor [213], have an array of micro needles, in some cases made of silicon which
penetrate through the skin surface. Ingestible products such as Helius Digital Pill, use the body’s
energy to transmit data to an external patch, and the patch re-transmits to a mobile phone. Stomach
acids function as electrolytes which generate energy in thecopper and magnesium electrodes of
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Only adhesion adhesion adhession
(capacitive) storage & tatoos
Cardioverter [3] Nuubo [117] Visi mobile [201] Medtronic [56] Actiwave [90] Rogers [97] Yu [213] Ruckh [168] IntelliCap [23]
Qardio [60] MyHeart[78] Quasar [127, 144] Baghini [15] Zio [18] Srivastava [181]
Polar [138] HeartCycle [159] Qardio [60] Vitalsens [77, 128] LifeTouch [212] Yun [82]
Magill [120] Omsignal [27] Nuvant [57] NetGuard [152] Wilson [203]
AIQ [101] Silmee [186] Yang [211]
CardioLeaf [5] Imec [4]
Sensatex [94] Leadtek [188]
HealthVest [166] LiveVitals [192]
Proetex [37] HealthPatch [40]
VitalJacket [50] Truesense [86]
Tsukada [194] BodyGuardian [48]
LifeShirt [80] Zephyr [146]
Sensium [83]
Shimmer [36]
Table 2-1.: Ambulatory Monitoring Systems by category
The following pages summarize the main distinguishing characteristics of two important groups of wearable sensors: garments and
adhesives.
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2.1.1. Garments
As opposed to measurements of temperature and oxygen level,during ECG measurements, sen-
sor movements affect the signal quality and the input impedance [12]. Regardless of the type of
variable being measured, some of the most common ways to improve the signal quality inclu-
de the use of compression garments ([60, 138, 120, 78, 159, 117, 27]), and adhesives ([146, 18,
77, 128, 57, 4]). Given the wires susceptibility to power line noise and motion artifacts, several
authors have developed temperature probes, ECG and respiratory te sensors, using microwaves
[61], radiometry [62], capacitance [43] and acceleration [14]. Some sensors have pre-processing,
and wireless transmission to servers with higher computingpower.
In the case of athletes, devices such asw tches, pulse meter ringsand accessories based on pho-
toplethysmography sensors, are adequate to obtain a recordof acceleration and heart activity (see
Figs.2-3a and2-3b). Polar [138], Imara by Nike, Bowflex by Reebok, SE200 by Oregon Scienti-
fic and EonBasix by Accumenson are some examples. Accessorieare widely used to measure in
a comfortable and agile way the heartbeat, oxygen saturation in the blood, skin temperature and
blood flow. However, these devices do not offer the possibility to monitor medical-grade electro-
cardiogram. Therefore, currently,smartwatches can not measure electrocardiogram.
(a) (b) (c) (d) (e)
Figure 2-3.: Wristworn, finger trackers and capacitive sensors. Fig.2-3a Clock pulse, Fig.2-3b
Ring sensor, Fig.2-3c Quasar, Fig.2-3d QuardioCore, Fig.2-3eViSi Mobile.
On the other hand,capacitive sensors,do not require skin preparation or direct electrical contact
with the skin. Figs.2-3c to 2-3e illustrate examples of wearable monitoring systems with mini al
adhesion and capacitive sensing. This range of products is capable of measuring bio-electrical
signals through multiple layers of fabric. E.g. theQuasar sensoris specialized in the acquisition
of non contact ECG [127, 144]. Likewise, Sotera Wireless Vital Signs Monitor developedViSi
Mobile employs capacitive sensing in the breast, to measurethe ECG, posture and noninvasive
blood pressure (NIBP). The back of the sensor incorporates at mperature sensor on the surface of
the skin. Although the surface temperature of the skin is different in core body temperature, upward
trends can indicate an increase in fever [201]. Qardio Corporation introduced the QardioCore [60],
which consists of a tight band at chest level that continually provides ECG monitoring, heart rate,
heart rate variability, levels of physical activity and changes in the body temperature.
Contact using compression(Fig. 2-4) is one of the groups in which more wearable monitoring
devices are present. Currently, due to their portability, these are a common trend to perform phy-
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sical activity. In this category we find belts and t-shirts. E.g. the Zephyr Bio Harness, which is a
detection device of multiple portable bio signals, which incorporates several sensors in a belt.
(a) (b) (c)
Figure 2-4.: Compression garments: Fig.2-4a The LifeVest wearable cardioverter defibrillator,
Fig. 2-4aNuubo nECG, Fig.2-4aVital Jacket prototype and commercial version.
A variety of t-shirts for medical monitoring can be found. That is the case of Numetrex CardioS-
hirt from Nuubo ([117, 117]), whose main feature is the use of conductive materials to build textile
sensors. HealthVest have sensors detecting the small signal change caused by the muscular acti-
vity of the heart. Meanwhile, the HeartCycle development [159] is friendly with elderly people
because it can be easily used. CardioLeaf [5] allows early detection of warning signs of cardiac
stress. The MyHeart project was proposed to develop electroni clothes, with user interaction, and
development of algorithms to bring new technologies to the healt care system [78].
2.1.2. Adhesive sensing
Usually the ECG sensing use a small number ofskin-mounted electrodesthrough adhesive tapes,
mechanical fasteners or straps, often mediated by conductive gels. In [97] a different approach
is introduced, in which the electrodes, electronics, sensors, power supplies and communication
components are configured together in lightweight and ultrathin membranes. It is virtually invisible
to the user, an can take the aspect of a temporary transfer tattoo. This approach is calledEpidermal
Electronics System(EES - Second Skin). The second electronic skin consisting of a discrete
device that adheres to the skin is shown in Fig.2-5a, it lasts no more than15 days prior to detaching
and collapsing.
The small exposed circuitry of the EES should need additional protection, leading to an increased
thickness. So, a more stable product includes adding protecti n layers, like a patch. Another ap-
proach is presented in [209] that wirelessly transmits power from a belt. Though the circuit solves
the energy consumption problem partially, the recharging belt must be supplied very frequently so
that so it would be impractical for the shower or to be combined with small items where the belt
would affect the aesthetic appearance.
Wireless technologies will profoundly change the quality and cost structure of medicine and health
care today. Consumers are already adopting a wireless lifesty e supported by variety of products
and devices that are on the market today. Among the wearable hea th monitoring systems there is
a group based onadhesion by chemical substance or patches( ee Fig.2-5). These patchs have
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a communication system that integrates wireless transmission and portability. Such devices are
designed for providing long term monitoring.
Adhesive patches include Zephyr, Shimmer [36], TrueSense [86] and Vitalsens [77] which com-
bines disposable electrodes, with a reusable circuit. Nuvant ([57]) is waterproof and records ECG
during14 days. The HealthPatch [40] uses Bluetooth4,0, is waterproof, includes a disposable bat-
tery, and can provide continuous monitoring for2 − 3 days. The Silmee Patch [186] also has a
system that allows connection to PC and mobile phones keeping a low power consumption for
long term monitoring in the home environment.
(a) (b) (c)
Figure 2-5.: Adhesive technology for ECG WMS: Fig.2-5aEES multifunctional skin and tempo-
rary tattoo, Fig.2-5b Zephyr sensor, Fig.2-5c V Patch system.
ElectroSmart ECG is a tool developed to sense, process and trsmit electrocardiogram to a mo-
bile device (smartphone, tablet, and laptop) through an application installed on the mobile device.
BodyGuardian [48] by Preventice Corporation uses algorithms to support remot monitoring of
people with heart disease risk, and allow physicians to monitor outside the clinical setting. It con-
sists of a small body sensor attached to the chest that measures ECG, heart rate, respiratory rate
and activity level of the patient.
Netguard [152] and Actiwave Cardio [90], record a single ECG channel and acceleration in3
directions. The LifeTouch Patient Surveillance System [212], is a wireless sensor, that measures
and transmits to a cloud platform. SensiumVitals [83] records the ECG and respiratory activity.
The Zio Patch [18] has an integrated event button that should be pressed to mark a cardiac-related
symptom. In this section, a wide range of sensors for capturing b osignals have been shown. In the
next section, a review of several methods for processing biosignal data is presented.
2.2. Signal processing for real time AMS
With regard to the processing of the acquired data, previousresearch studies have reported appli-
cations based on artificial intelligence, expert systems, and digital signal processing. Some of the
studies are devoted to the noninvasive myocardial contractility monitoring [105], monitoring res-
piratory movements [177], teleassistance [17], study of tremor in phenylketonuric patients [149],
evaluation of muscle relaxation in anesthesia [162], sleep-wake identification [112], ambulatory
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measurement of respiratory and cardiac function [202] and heart monitoring using smart phones
[67]. The review of signal processing techniques is conducted in the follow stages: pre-processing,
characterization and multimodal processing.
2.2.1. Pre-processing
After data acquisition, disturbances usually have overlapping frequency distributions with the sta-
tionary and nonstationary signals that should be pre-processed [176, 75]. High-dimensional spaces
of multi-parameter data can be reduced [91], but the real-time signal processing based on mobile
devices depends on the limited processing capacity of thesed vices, e.g. detecting life threatening
arrhythmias [67].
Several methods for reduction of artifacts may be found in literature. Such methods include, but are
not limited to, Matching Pursuit, detection of fiducial points, Hjorth parameters, time-frequency
analysis with linear and non linear filtering, e.g. Kalman, Fourier and Wavelet transforms [122,
71, 163, 70, 118]. Low computational cost and low power consumption, are major challenges in
algorithms for real time signal processing. In this sense, robust systems such as Kalman filtering
can be embedded in devices with limited processing resources, off ring efficient results [70].
Notch filtering is useful to remove power line noise, but somerel vant spectral components of the
signal can be eliminated. Ziarani and Konrad implemented a method for extracting the frequency
components, amplitude and phase of the interference of the pow r line tracking time variations. The
method performs adaptive adjustment of the filter’s parameters and estimates the sinusoidal noise
which is subsequently removed from the ECG signal [216]. Avendano et al. developed a technique
based on the Kalman filter to estimate the interference signal considering separate models for ECG
signal and interference from the power line [13].
2.2.2. Characterization
Previous studies have developed techniques based on data mining to organize and characterize
information in real-time systems [24]. Also methods of non-linear analysis to characterize heart
rate variability have been used [165]. The methods of approximate entropy (ApEn) and sample
entropy (SampEn) have allowed to characterize measurements of the regularity of time series of
body temperature [49]. Abdullaev in [1]have performed spectral analysis of ECG using Wavelet-
Packet Processing.
The Wavelet transform and Fourier transform, have been combined with statistical measures of
energy and entropy to generate indices of the P, QRS and T intervals, and detection of relevant
pathologies as atrial fibrillation [99], but processing is offline. The feature extraction stage for beats
classification is based mainly on the detection of the QRS complex and R wave which defines a
window for processing. To detect QRS complex, Dib et al. alsoimplemented a technique based
on Discrete Wavelet Transform using a mother Wavelet DB4 given the high correlation of this
Wavelet with the QRS complex [52].
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The high computational cost leads to the problem that many algorithms are unsuitable for mobile
devices. Therefore, the number of operations is reduced by developing efficient algorithms, gi-
ving preference to robust systems, and also reducing the sampling frequency for sensing to avoid
redundancies [59].
Kanoun in [95], proposes to reduce the computational cost starting from acquisition. He suggests
to decrease the sampling frequency of the analog/digital converters, implementing the compressed
sensing (CS) to acquire signals with a shrinkage thresholding [22].
2.2.3. Multimodal Processing
Features from different sources (ECG, temperature, acceleration), can be combined in multimodal
interfaces [54]. The multimodal processing in WMS is difficult due to the disturbances, sampling
frequency, the synchronization requirements, scalability, accessibility and safety during treatment
of information [119, 98].
Processing tools include stochastic models and characteriza ion of non-stationary signals, dimen-
sionality reduction [91], relevance analysis, study of nonlinear dynamics and complexity in biosig-
nals [165]. These procedures typically consume a significant amount of computational resources,
which in the case of mobile devices must be reduced [7].
In seeking to achieve an adequate multimodal processing, previous works have used evolutionary
algorithms and multi-objective optimisation [190]. Glenn et al. used Matching Pursuit [71], taking
samples as a collection of signals from each sensor. The multimodal processing has been used in
video games to combine signals from different sources in real time [81].
The computational cost has been reduced by Wong and Ho [204], synchronizing ECG with accele-
ration, through sensor nodes implemented in TinyOS for low-c st and low-power medical devices.
Kim and Lee [100] have processed biosignals with analysis of dynamic movement, as multimodal
technique to reduce the noise.
Multimodal interfaces typically require a significant computational cost. To meet this challenge,
some authors prefer to transmit compressed raw informationto a remote central. Another approach
is to use robust estimation algorithms of spatial state, to achieve a multimodal real-time processing
[53].
Among all the possible physiological monitoring applications of WMS, detection and manage-
ment of cardiac conditions during daily activities is probably the most important and most studied
one. Cardiovascular disease risk assessment requires continuous long-term monitoring for accurate
diagnosis and treatment management. WMS very well suit these n eds, and being heart diseases
among the most widespread, yet preventable, and costly health problems in the developed coun-
tries, investment in WMS will pay-off. Heart failure is one of the leading causes of mortality,
disability, hospitalization, and overall health care-relat d costs [32]. In addition to heart rate detec-
tion [142] that allows detection of tachycardia and bradycardia, this work will focus in the early
detection of two important arrhythmias: atrial fibrillation and premature ventricular contractions.
Some studies are presented below.
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Atrial Fibrillation (AF): AF has been addressed in previous works using techniques basd on
Wavelet and Wavelet Packet Transforms [1]. Also, signal averaged P-wave analysis have been
used [33], with a maximum sensitivity of91% and specificity of83,5%. Shuming and Huang [84]
developed a method for detection of transitions between AF and Normal Sinus Rhythm (NSR) ob-
taining a sensitivity of96,1% and specificity of98,1%. However, computational cost is increased
during peak detection, AF classification and histogram analysis.
Premature Ventricular Contraction: Ince et al. used a feed forward artificial neural net-
work (FNN) for the detection of Premature Ventricular Contrac ions (PVC), they used the result
of Principal Componentes Analysis (PCA) technique, applied from the discrete Wavelet transform
coefficients [85]. Rua et al. implemented an Artificial Neural Network (ANN) and Support Vector
Machines (SVM) into a microcontroller, showing that both prediction algorithms could be imple-
mented for real time arrhythmias detection [167].
Dutta et al. developed an algorithm for beat classification usi g correlation techniques and SVM to
classify between normal beats and PVC [55], other authors proposed the use of SVM with different
kernels for ectopic beat classification [130].
2.3. Optimisation for Wearable Monitoring Systems
There are a number of conflicting and competing WMS features,and in order to achieve a success-
ful clinical introduction and operation of WMS, an efficientmanagement and optimisation scheme
of the interactions among these conflicting features has to be achieved.
Several works have been developed recently, aiming at addressing the automated WMS design.
Thus, the construction of WSM prototypes is carried out in [102, 145, 68, 6, 157], using a set
of design variables previously fixed. Besides, the set of adopted variables in some cases is given
through very particular models, which may restrain their generalization to different applications.
However, their major limitation is that they do not carry outan optimisation stage to confront con-
flicting design architectures to deal better with heterogeneous systems consisting of different sorts
of components, or with communication aspects. On the other hand, two works make significant
efforts to automatize the optimized design of WSM applications. In [9, 10], the focus on codifica-
tion of the specific wearable design criteria (including functionality and wearability) into formal
metrics to be further included within an appropriate optimisation framework. The biggest restric-
tion the may face in real-world applications is the linear fitting of cost functions they assume. As
a matter of fact, the interaction among so wide-nature variables of design barely can be related as
linear.
2.3.1. Objective functions
A detailed list of the objective functions and their meaningthat have been widely recommended for
the design of WMS is shown in Table2-2. This information has been obtained after an extensive
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review of the related scientific literature.
Objective function Description
Functionality Specific technical functions in efficient and friendly manner
[125, 29, 28, 182, 9]
[102, 145, 68, 6, 35]
Wearability[125, 143] Ergonomics, obstrusivity, comfort, aspects, fashionability, weight,
[29, 28, 9, 102, 145, 68] size, correspondence between shape and placement on the body
[68, 6, 214, 104, 63, 157]
Resources cost Determined by the state of the art technology, cost, compatibility,
and other strategic concerns
[29, 182, 102, 145, 214]
Power consumption[26, 29] Long term use, energy harvesting, power saving modes
[182, 145, 68, 35, 104, 9, 10]
Recognition[143, 29, 10] Classification accuracy and performance in pattern recogniti n
Usability [29, 214, 102, 145, 35] User experience
Maintainability [214, 182, 145] Launderable, dimentional stability, software upgradable,
battery rechargeable
Durability [29, 214, 145] Flexural endurance, mechanical strength tear, tensile, shear, burst,
resistance to abrasion, corrosion, heat and electricity
Desirability [28] Social factors, how much people want the product
Table 2-2.: List of commonly used conflicting goals for WSM design.
2.3.2. Design variables
A detailed of the most frequently used WSM design variables is hown in Table2-3. They are
grouped according to their role in the WMS: hardware sensors, data processing and communica-
tions, and interaction with the user. As in the previous case, this information has been obtained
after an extensive review of the related scientific literature.
2.3.3. Methods for building the optimisation objectives
Methods for building the optimisation objectives from the dsign variable space can be divided
into two categories: analytic and heuristic. The analytic methods are grounded in mathematical
formalisms to represent knowledge concerning the underlying physical processes as described
in [158, 126, 26, ?]. The analytical formulation provides a more accurate picture of the relations-
hips between constraints and multi–objective statements,bu it can only handle a very few design
variables due to the complexity of the physical processes involved. Furthermore, they exhibit poor
scalability, making the addition of new variables difficult.
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Hardware Processing Interaction
Size (volume) Latency [10, 9] Skin irritation [145]
[125, 143, 29, 182, 102]
[35, 214, 104, 10]
Weight Processing power and computational Comfort, thermal aspects,
[125, 143, 29, 214, 182, 102] cost [26, 29, 35] heat dissipation [143, 29]
[145, 68, 104, 10, 9] [182, 145, 68, 6, 157, 10, 9]
Electrical resistance Security and privacy [29, 182, 145] User Interface
[29, 145] [29, 182, 35, 157]
Stiffness and flexural Communication channels, Weather [29, 157]
endurance [29, 145] networking,[29, 182, 102, 145, 214, 10]
Fluid repellency [125, 123] Storage capacity and memory Need for survival and medical
[102, 6] prescriptions [29, 109, 8, 136]
Magnetic shielding and Dynamic voltage scaling techniques Aesthetics and form language
radiation concerns and power modes [26, 29] [29, 68, 143, 104, 10, 9]
[125, 29, 145, 10]
Stretchability [29, 145] Sensor resolution [29, 10]
Skin contact quality body Sensitivity to changes in R-S
fit [125, 76, 143] interval [29, 117]
[29, 157, 182, 68, 104, 10]
Sensor location and body Correlation and mutual information
placement [76, 29, 9, 143] with reference signals [125, 29, 10]
Sensor rotation [29] Sampling rate/sampling frequency
[26, 29]
Table 2-3.: List of the frequently reported variables relating to each measuring principle for WMS
desing.
On the contrary, the knowledge-based methods rely on informal models, given as a set of intuitive
rules, and are particularly valuable when there is not enough quantitative information. Heuristic
methods have been used for assembling cost functions from variable spaces in applications from
different backgrounds. For example, a single cost optimisation scheme is presented in [175] as
a sum of the cost functions computed by multi–colony ant algorithms for beams and columns in
reinforced concrete buildings. In [154], a game tree search algorithm and Heuristic Route Planning
is proposed for a Multiobjective discretised control problem. In [208], a branch–and–bound based
conflict driven clause learning algorithm is used for optimally solving minimum cost problems.
In [184], a fast human–in–the–loop path planning strategy is proposed based on a cloud model
using fuzzy and probability principles.
3. Initial Approach to Wearable
Sensors
Modeling and testing WMS.
Protection from bacterial and fungal growth, the correct sensor adhesion and low power
consumption while preserving aesthetics, are among the major concerns to implement a
Wearable Monitoring System (WMS). Ambulatory biopotential measurement also implies
to regulate noise caused by the permanent and sudden body changes in position and speed.
Therefore, this chapter, outlined in the Fig.3-1, presents new models and techniques to
manage aspects of hygiene, electrode-skin contact, and context i fluence. Finally, prototypes
using the proposed models are developed and evaluated.
From the many types of sensors presented in the literature review (temperature, acceleration, pulse
oximetry or bio potentials), this work relies on the multimodal acquisition with a smaller number
of sensors: electrocardiogram and actigraphy, the latter using accelerometers. A lower number of
sensors results in significant user comfort and enough sensitivity to detect cardiac arrhythmias.
Additionally, as mentioned in the previous chapter, ECG Sensors can be divided into four groups:
compression garments, capacitive, adhesive and implantables. In this work, the use of compressive
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Sensor properties: fluid repellency,
Figure 3-1.: Block diagram for the experimental procedure
This chapter is devoted to design and development of acquisition hardware to overcome issues
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such as: signal quality, hygiene, noise, discomfort and power consumption. A general scheme of
the process of modeling and validation is depicted in Fig.3-1 The chapter is structured in three
sections: modeling wearable sensors and garments (Section3.1), construction of wearable sensors
(Section3.2) and testing results of developed wearable sensors (Section 3.3).
3.1. Physical models for wearable sensors
In the next pages, three models are proposed as formal criteria for WMS. Section3.1.1shows an
electron-transport model useful to understand the behavior of hydrophobic and electrically con-
ductive textiles. Section3.1.2 presents a model which explains several kinds of electrode-skin
coupling. The third model (Section3.1.3) proposes the use of accelerometers to generate a context-
aware ECG monitoring.
3.1.1. Model for Hydrophobic and Electrically Conductive T extiles
The first model here presented, provides information concerning the production of smart garments
with a textile electrodes that conduct electricity, havinga coating designed to preserve the user’s
hygiene, allowing long-term mobile measurements.
It is necessary to overcome the challenges of comfort and hygiene, ensuring the quality of the
measurement with flexible biopotential electrodes [123]. These challenges are faced by using an
acquisition protocol based on a garment (T-shirt or belt), with oven sensors, which are connected
to a Holter-type electrocardiograph that transmits real-time data using mobile networks. Sensors
are textile electrodes covered with an electrically conductive layer.
The textile electrode should conduct electricity to the acquisition module, but it should not absorb
water. Hence, it is proposed to apply a layer of nanoparticles forming a micro-textured surface, to
generate a superhydrophobic behavior, which guarantees thuser hygiene. Our approach is based
on the model of induced superhydrophobicity to electrically conductive textiles, but we add a new
variable associated to conductive microfibers.
The hydrophobic properties of the garment inhibit bacterial and fungal growth. To ensure that the
textile electrodes are protected from fluids but still conduct electricity, traditional coatings such as
long polymer chains cannot be used, as this would isolate themat rial. Instead, a smart surface
must be created to protect the garment from humidity while allowing the acquisition of electrical
signals. So, the whole t-shirt is protected with a special nano coating.
It is possible to determine whether a surface is moist by measuring the contact angle formed bet-
ween the liquid droplets and the surface (see Fig.3-2), in this case, the dynamic water wettability
will be modeled [139]. A small contact angle (< 90◦) indicates that the wettability is high, and
the fluid will spread over the surface moistening it, while a large contact angle (> 90◦) means that
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Figure 3-2.: Contact angle measurements between water droplets and different surfaces: (a)< 90◦
hydrophilic; (b)> 90◦ hydrophobic; (c)> 150◦ superhydrophobic.
the wettability is low and the contact between the fluid and the surface decreases, forming com-
pact drops. In the case of water, a low wettability surface iscalled hydrophobic. Superhydrophobic
surfaces exhibit contact angles (Θ) greater than150◦, resulting in poor contact between the liquid
drop and the surface.
Wettability is described by theYoung equationestablishing a relationship between molecular
energy and the contact angleθ as follows:
Figure 3-3.: Liquid drop and surface tensions.
γSG − γSL = γLG cos θ, (3-1a)
cos θ = (γSG − γSL)/γLG, (3-1b)
whereγSG, γSL, andγLG represent the surface tension of the{solid} {gas}, {solid} {liquid}, and
{liquid} {gas} interfaces. A drop remains suspended in the air with a spherical shape as the surface
will seek to minimize its total energy by minimizing the surface area. This is also achieved with a
proper atomic structure and a rough surface.
Superhydrophobic behavior of a micro-textured surface wasexplained byCassie-Baxter[38] rela-
ting the contact angle of a liquid in an air solid compound interface (θc), the fraction of water-solid
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interface area (f1) and the water-air interface (f2) [139]:
cos θc = f1 cos θ − f2 (3-2a)
f1 + f2 = 1 (3-2b)
cos θc = f1(cos θ + 1)− 1 (3-2c)
A disordered nanoparticle network film causes the tri-phase{hydrophobic solid} {liquid} {air},
allowing the material to bend through nearby blocks of hydrophobic material. This study aims to
create a superhydrophobic and electrically conductive fabric. To this end, we consider the con-
ductive fiber as a fraction of the contact material in Eqs. (3-2a) and (3-2b) to obtain an interface
{hydrophobic solid} {fluid} {air} {conductive fiber}. To model the effect, we consider that some
conductive fibers are so thin that they can pass through the nanoparticle matrix (Fig.3-4a). Micro-
fibers transiting between the nanoparticles located on the electrically conductive thread are weak
and bend easily. When a droplet is placed on the material, it is supported by the hydrophobic ma-
trix that is harder than the fibers, pressing the microfibers and establishing little contact between
them and the air (Fig.3-4b).
(a) Fiber with particles (b) Droplet over fiber
Figure 3-4.: Micron scale model of the superhydrophobic conductive fabric; Fig.3-4a the electri-
cally conductive microfibers emerge between the nanoparticles; Fig.3-4b fibers bend
when a drop of water falls and is supported by the nanoparticles.
The electrically conductive microfibers come in contact with the patient’s skin to sense and trans-
port biopotentials and communicate signals to the processing module. The air from the interface is
reduced by the presence of microfibers; this does not influence the ability to repel water, because
when a drop falls, the microfibers bend, generating a surfacesimilar to that produced by the{solid}
{air} compound. In this case, it is considered the contact betweenthe fiber surface and the drop
22 3 Initial Approach to Wearable Sensors
(f3) into a new{air} {water} {hydrophobic solid} {conductive fiber} interface, as follows:
cos θc = f1 cos θ1 − f2 cos θ2 − f3 cos θ3 (3-3a)
θ2 = 180
◦; cos θ2 = −1 (3-3b)
cos θc = f1 cos θ1 − f3 cos θ3 − f2 (3-3c)
f1 + f2 + f3 = 1 (3-3d)
f1 + f3 − 1 = −f2 (3-3e)
cos θc = f1(cos θ1 + 1) + f3(cos θ3 + 1)− 1 (3-3f)
The proposed model of fluid repellency also applies to other fluids such as blood, as they share
similar properties. This model allows developing hygienic, conductive textiles.
3.1.2. Proposed Model for Electrode-Skin Coupling
The second model, is a representation of the electrode-skininterface for different sensor types. Par-
ticularly, based on the design presented in [42], we propose a generalized model of the electrode-
skin coupling that can deal with placing electrodes over a garment.
Fig. 3-5 shows the electrode-skin interface that can also model conta ts hrough an ionic interface
or direct contact without electrolyte. Here,c1 is the capacitance due to an explicit gap between the
sensor and body,c2 is the capacitance of the of the ionic interface (electrolyte), c3 is the capaci-
tance of the stratum corneum, andc4 is the electrode-skin capacitance;r1 is the impedance of the
electrode,r2 is the electrolyte impedance,r3 is the resistance of the stratum corneum,r4 is the gap
impedance,r5 is the sum of the impedances of the garment and the body, i.e.,r5 = r4 + r6, andr6






Figure 3-5.: Electrical model of the used electrode-skin interface.
The electric signal at the electrode is passed through an amplifier so thatv4 sums up the following
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voltages:
v4 = v1 + v2 + v3(zα + β/c4)
wherev1 is the skin voltage,v2 is the half-cell potential,v3 is the measured noise. The input
amplifier voltage noise collects contribution of both the elctrode-skin capacitancec4 as well as
the impedance between the electrode and the skin,z, that is given as:z =
∑5
i=1 ri, whereα, β are
respectively the adjustment parameters of the impedancez and capacitancec4 so that fixing their
values the sensor switches between resistive to the capacitive scheme. In summary, the proposed
model suggest that the electrodes needed by a WMS, in order toaccomplish with an adequate
electrode-skin interface, must be characterized by a low half-cell potential. Then, we make the
impedance get an extreme value: either zero-impedance (that is, strong contact) or inducing a high
impedance when the system gets into the capacitive mode. In any case, we must keep impedance
and capacitance having the smallest variations. Concrete illustration of the above introduced skin-
electrode coupling is given in the following types of sensor:
– Rigid Metal Electrode: These reusable electrodes are frequently used in short-term ECG
prototypes and are fixed by suction, compression or medical grade adhesive, causing traces
on the skin that may remain for several days. Furthermore, they can act as vehicles of cross
infection. This kind of electrodes does not work properly inmotion since they detach due
to their own weight. Rigid metal electrodes are in contact with the skin via a conductor gel,
thus, we assumec1=0F, r2 andc2 will have low values while a contact remains firm.
– Disposable Silver/Silver Chloride (Ag/AgCl) Electrodes:These electrodes are the most used
in ECG, Holter, and stress prototypes since they provide adequat quality because their half-
cell potential and strong adherence. However, electrodes require gels that degrade over time
and cause discomfort after removal since many particles of the adhesive remain adhered to
the skin, requiring additional cleaning. Thus, disposableAg/AgCl electrodes usually detach
before48 hours and the hydro-gel causes skin irritation issues [210]. In this case,c1 = 0F,
c2 ≈ 25nF, and the value ofr3 ranges from2kΩ to 300kΩ, depending on the proportion of
the manufactured conductive material.
– Capacitive Electrodes:These rigid electrodes have the advantage to perform signalme su-
rements without direct contact. Yet, they are voluminous and induce wanders in the ECG
waveform, diminishing accuracy of the signal processing. Capacitive electrodes are usually
attached to the garment. Thus, resistorr4 can reach values exceeding300MΩ since for lower
resistance values, the electrode can lose the capacitive influ nce and increase the noise gain.
Also, c1≈30pF , r2 andc2 are assumed as zero-valued.
– Textile Electrodes:These electrodes ensure a smooth, natural skin contact, butthey exhibit
poor adhesion, causing artifacts as the patient gets in motion. Induced artifacts are partially
corrected by generating an ionic interface with water or conductive gel and also combining
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materials that facilitate the adhesion as silicone. Textilelectrodes have a resistance ranging
from 1 to 100Ω/cm2(r1), c1=0F . Values ofc2 andr2 depend on the chosen electrolyte that
can be drinking water due to fewer amounts of salts and chlorine that improve the redox
process.
3.1.3. Proposed Alternative enhancing Context-Awareness
Ambulatory biosignal measurement implies to undergo permanent and sudden body changes in po-
sition and speed. This movement is, usually, reflected as disturbances of the ECG baseline reducing
the signal quality. In this respect, there are several reseach s about small integrated wireless sen-
sor nodes, such as accelerometers and compasses, to capturehuman movements, which may have
applications in medical care [193]. In [47] multi-parameter (ECG and acceleration) measurements
are used, but these signals are not targeted for the purpose of reducing the disturbance caused by
motion. In pursuit of improving the measurement quality, itis possible to establish correlations
between different channels of the same variable [124], allowing to reduce disturbances. The multi-
sensor measurement (usually called diversity) has been proven in neonates using wearable ECG
and acceleration sensors [31].
To improve the collected data quality, besides knowing the user condition, it is important to have
an awareness of the environment. Context information should be associated with measurements of
the body; this is called context awareness and allows the behavior modification from this informa-
tion [45].
Context-aware can improve the measurement accuracy of biosignal that would be uncertain in the
case of paying close attention exclusively to the biosignalsource. A suitable solution for sensing
the effect of context on electrocardiogram measurements isto make comparisons with acceleration
recordings since it is strongly related to the patient motion, which is a major cause of disturbances.
Acceleration is used to establish relationships between elctrocardiogram and user movements,
allowing to reduce interference and improving the quality of the records taken in motion using
wearable technologies. Tests are performed in an adult patient during rest and walking periods,
demonstrating that dubious signal peaks can be identified using the proposed correlation algorithm.
Acceleration can be measured to select the channels with higher quality, discarding those with high
levels of disturbance [31] since disturbances are not usually present in all channelssimultaneously.
However, this technique may cause that all channel information be discarded due to a short time
of disturbance.
This is the basis for the third model here presented, in which, simultaneous measurements of ECG
and acceleration in three axes are performed. This procedure aims at reducing disturbances during
movements caused by the release of the textiles sensors, showing that it is possible to use the same
measures in conjunction with a simple algorithm, to reduce lo alized disturbances, preventing high
data loss that may occur if the full derivation would have been rejected.
Disturbance caused by the motion can be reduced based on the accel r tion measurement since
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acceleration is the physical variable that represents the change of speed in a time interval, and
the second derivative of position with respect to time. Moreover, the force is associated with the










= m · a (3-4)
wherea = dv/dt.
In summary, knowing the mass of the patient, and recording the acceleration over a time interval,
it is possible to deduce information about the force, trajectory, velocity and position of a given
object. This principle can be exploited to obtain information from the user’s interaction with the
environment, and establish relationships with ECG becausemovements in proportion to the speed
and strength tend to cause disturbances in ECG, which may cause misdiagnosis. Additionally, it
is possible to know the angle changes and, therefore, changes i position due to the influence
of gravity on the accelerometers. Being an accelerometer aninstrument that detects changes in
speed, it is obvious that it also measures the effect of gravitational force toward the earth center.
Therefore, the use of triaxial accelerometers can be very useful for detecting motion angles, since
these are proportional to the influence exerted by gravity onthe different axes of the accelerometer.




Mark as dubious point and ignore 2s around
ECG and acceleration
simultaneous measurement
Figure 3-6.: Proposed procedure to obtain the context aware contribution
The proposed methodology aims to conserve the major quantity of ECG signal information as
possible. As shown in Fig.3-6, it consists in simultaneously acquire ECG signals and acceleration
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and determining the absolute values for their correlation.In case of detecting a high correlation,
it means that there is a strong possibility that the change inECG voltage does not be due to heart
failure, and that be caused by movements. Therefore, it is suggested to skip two seconds around the
point with high correlation to avoid false positives and to keep the remaining of the signal, which
can be subsequently improved.
After the development of a set of methods to design WMS, the next st p is the fabrication of
WMS using the best practices found in the previous models: toprotect the conductive textile with
supehidrophobic fabric, improving the electrode-skin contact, and contextualizing the ECG signals
by means of acceleration data.
3.2. Construction of Wearable Sensors
Based on the above models and analyses, this section provides insights into the production of:
Compression garments employing textile electrodes (Section 3.2.1).
Adhesive ECG patches (Section3.2.2).
3.2.1. Compression garments employing textile electrodes
As shown in Fig.3-7, three garments are manufactured, each has a different level of compression.
The process comprises the stages of electrode knitting and textile coating:
(a) High compression garment (b) Moderate compression (c) Low compression
Figure 3-7.: Evolution of the data acquisition using the manufacturedcompression garments
1. Electrode knitting:A first approach to apply the model proposed in Section3.1.2, is to en-
sure the required adhesion of the electrodes by weaving theminto an elastic fabric; volume
is given with flexible filler to increase gently the pressure on the patient’s skin, because
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textile filling performs a textile spring function [88]. The electrode weaving techniques in-
fluence the efficiency of the acquisition, and one of the best options is weaving in random
patterns; previous work found that the best results were achieved with embroidered electro-
des, which have a large contact area with the skin [151]. Electrodes are made of conductive
yarnSFY750, woven in a random pattern [151], over two pieces, the first made of lycra and
the second based on viscose spandex fabric.
During implementation, theMedtex P130 conductive textile is used to construct the elec-
trodes over the high compression garment Fig.3-7a, made of viscose-spandex to maximize
signal quality and ergonomics. Besides, with the aim of miniz ng biological contami-
nation, coatings of silver and nanoparticles of silicon dioxide (SiO2) are applied over the
garment. Silver can effectively repel bacterial agents while the super-hydrophobic coating
minimizes the adherence of microorganisms and contaminants. The silver-based coating is
obtained from the same fabric used to make the electrodes, which has a three-layer of Tin,
Copper and99% Silver on a substrate of Nylon fiber. The preparation of the electrodes is
tested by forming bags made with the conductive material, onwhich is applied Nano-SiO2.
2. Textile coating with superhydrophobic particles by sol-gel method: In order to apply the
model presented in Section3.1.1, nano SiO2 in a liquid medium is applied, using the high-
volume low-pressure (HVLP) spray, adjusted to FDA21 CFR172,48, prepared by the sol-
gel technique. Silicon dioxide (SiO2) becomes nanoparticles to create the tri-phase (rough
solid) liquid air. Sol-gel processing is one of the most effective techniques for the synthesis
of organic-inorganic hybrid materials. This technique is inexpensive and flexible, enabling
room temperature preparation of high purity powders [20]. The process involves hydrolysis
and condensation of metal alkoxide such as tetraethyl-orthosilicate (TEOS) in the presence
of a mineral as catalyst [156]. The reaction is carried out in two stages; first TEOS and water
produce ethanol and silicon tetra-hydroxide, as indicatedby the following hydrolysis:
Si(OC2H5)4 + 4 H2O −−→ Si(OH)4 + 4 C2H5OH
TEOS pH 11-12 (NH3)
In a second step, Polycondensation of the silicon tetra-hydroxi e is carried out, generating
nanoparticles as below:
Si(OH)4 −−→ NanoSiO2(Sol)+ 2 H2O
pH 11-12 (NH3)
Finally, the garment Fig.3-8a in coated with SiO2 nanoparticles getting superhydrophobic
properties ( Fig.3-8b).
28 3 Initial Approach to Wearable Sensors
(a) Before coating (b) After coating
Figure 3-8.: Garment before and after covering with nanoparticles.
3.2.2. ECG Patch Fabrication
In terms of functionality and wearability, the developed very long-term ECG monitoring patch,
named Electrodoctor patch, is similar to the one presented i[210], which is powered only from
an external source. Instead, our circuit also includes a battery hat allows the device operating,
but without receiving power from an external source during several hours, thus providing more
freedom to the user. Another difference is the resource critrion.
Several essays with different adhesives (Fig.3-9), such as disposable electrodes Fig.3-9a, Cupper
tape Fig.3-9c and conductive textiles Fig.3-9e are performed. As result, the presented circuit
board is built to be separated from an incorporated disposable adhesive, and hence the electronic
portion is reusable and the only disposable part is the adhesive portion of the sensor. Besides, the
patch adheres to the skin by using a hypoallergenic tape of high quality, being cost-effective as
compared to other Holter or stress test devices.
Adhesive patch is manufactured fusing conductive textile wth adhesive tape. As shown in Fig.3-10,
the external source (Fig.3-10a) provides energy anytime. Furthermore, the sensor transmits data
to a gateway (Fig.3-10b) and can be used under water Fig.3-10c.
3.3. Testing results of developed wearable ECG sensor
In this section, an examination of basic physical and chemical sensor properties is performed.
Also, the acquisition performance is evaluated in terms of functionality, wearability, resources and
context awareness.
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(a) Ag-AgCl (b) Integrated (c) Copper
(d) Protection (e) Textile
Figure 3-9.: Adhesive is a suitable solution to maintain the contact without a compression garment
(a) Charging system (b) Transmission (c) Developed sensor
Figure 3-10.: It is Proposed adhesive with textile electrodes that are fstened to the sensor.
3.3.1. Examination of basic sensor properties
The following properties are tested for the developed wearable EEG sensor:
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(a) Wetting Drop (b) Beforeθ < 90◦
(c) Water droplet (d) After θ > 150◦
Figure 3-11.: Coating produces hydrophobicity. Before coatingθ < 90◦, after coatingθ > 150◦
– Fluid repellency analysis: The fluid-repellent property is checked by observing the angle
formed between the liquid/solid interface. The angle is measured by taking a high-resolution
photograph of a drop deposited on the fabric. A digital filteris applied to the image to
highlight the edges of drop; this facilitates that a software goniometer determines the angle
between the drop and material.
Before the surface modification, contact angle between garment and water is lower than90◦
(Fig.3-11b), but after the nanoparticles are applied over the entire garment, hydrophobicity is
checked by trying to impregnate the fabric with water. As a result the garment did not get wet
and drops roll along the surface (Fig.3-11c). The contact angles exceed150◦ (Fig. 3-11d),
thereby indicating superhydrophobic on the surface that con ributes to the hygiene of the
patient.
– Electrical analysis: Electrical resistance is measured using a digital multimeter UNIT UT71A/B.
The measured electrical resistance of the nano coated yarnsis below0,4OHM/cm, enough
for effective acquisition of good ECG. Through conventional coating procedures, electrodes
would have lost conductivity.
– Morphological analysisThe location of nanoparticles on the fabric and microfibers is asses-
sed with an Environmental Scanning Electron Microscope (ESEM) Philips XL30(Fig.3-12a).
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It is believed that high hydrophobicity, in addition to the particulate composition, is due to
the nano/microparticles, as well as their distribution (spacing of about20 microns) and their
rough shape (Fig.3-13d).
Location of the nanoparticles is also verified using an Scanning Probe Microscope (SPM),
model AutoProbe CPfrom Park Scientific Instruments, operated in Non Contact Atomic
Force Microscopy mode (see Fig.3-12b). Thus, Fig.3-14shows AFM Images of an indivi-
dual microfiber (Fig.3-14a) and nanoparticles mounted over the micro-fibers Fig.3-14b. A
network of nano-SiO2 in a scale of6µm is observed. The average size of the particles is20
microns.
– Physicochemical analysis: The particle and fiber composition is identified using energy dis-
persive spectroscopy (EDS) with EDAX Genesis equipment (see Fig.3-12a). The compo-
sition is determined by EDS analysis. The spectrums obtained from the conductive fibers
show peaks for iron and carbon (Fig.3-15a), while spectrums from the particles show peaks
for silicon atoms with oxygen as shown in Fig.3-15b.
3.3.2. Testing of ECG acquisition
Test Protocol : In this work, the used clinical trial protocol follows guidelines of the Decla-
ration of Helsinki, the Belmont Report [169] and the Resolution8430-1993 of the Colombian
Health Ministry. All subjects were informed of the procedure obtaining their voluntary agreement
to participate. Trials were conducted in ten men and ten women whose sizes vary between S-M-L
with weights between50− 100 kg and ages ranging20− 70 years.
The body mass index (BMI) is distributed as follows:
(a) ESEM (b) SPM
Figure 3-12.: Measurement and characterization equipment
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(a) Thread is made of thin fibers (b) Microfibers can be seen in the back
(c) Microfibers pass between particles (d) Micro and nanoparticles on thread
Figure 3-13.: ESEM images of conductive yarns coated with nanoparticles
BMI < 24,9(55%), 25 ≥ BMI ≤ 29,9(40%), BMI ≥ 30(5%).
Acquisition and transmission hardware: Acquisition is done by connecting the electrodes
to an Electrodoctor Holter developed by the Signal Processing and Recognition Group and CEL-
BIT LTDA Company. The electronic device acquires and transmits ECG signals to a mobile phone
by using the Bluetooth Low Energy specification. Thus, the smartphone can retransmit informa-
tion to Internet, allowing for real-time data processing sothat battery duration lasts between100
and1000 mAh; this aspect also influences the patch size. In the concrete cas , we select a patch
with two CR2032 button cell batteries providing500mAhas one of the most comfortable options.
Fig. 3-16shows the inner side of the garment and a sample ECG plot.
Because of their reduced thickness, they are not noticeableoutside of the garment and are also easy
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(a) Thread (b) Nanoparticles
Figure 3-14.: Atomic Force Microscope images of the conductive thread and SiO2 nanoparticles
(a) EDS of conductive fibers (b) EDS of nanoparticles
Figure 3-15.: Material characterization using Energy Dispersive Spectrum (EDS) of fibers and
nanoparticles
to place at different sections of the thorax. In addition, quality of acquired ECG signal remains
adequate as seen from the example shown in Fig.3-17b.
Fig. 3-17shows an person wearing the long-term adhesive. Because of th ir reduced thickness, it
is not noticeable outside of the garment and is also easy to place at different sections of the thorax.
In addition, quality of acquired ECG signal remains adequate as seen from the example shown
in Fig. 3-17b.
The applied test protocol includes the following steps:
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(a) Woven electrodes (b) Acquired ECG
Figure 3-16.: Data acquisition using the superhydrophobic textile electrodes
Functionality testing: The time that each patch remains attached each patch is recorded. The
following parameters are estimated: the accurate countingQRS complexes [117], the autocorrela-
tion of the signal, the amplitude of the RS segment as a convenient way to estimate the Signal-to-
Noise ratio [210]. Particularly, the two following tests are performed:
– Adhesion tests:Several adhesive tapes including temporary tattoos approved by health agen-
cies are tested with the purpose of granting an aesthetic appearance to the product. Adhesion
quality is verified periodically. The best result is obtained using a circular body mark pro-
duced by the Dazzling Summer Company S.A.S., characterizedby a peel adhesion at180◦
angle under2,2N/25mmstrain. This patch is carried by a34 year old woman in the thorax
during45 days.
– Quality assessment:As shown in Fig.3-17b, a clean signal is acquired without software
filtering, making the60Hz filtering nearly unnecessary. The average RS-segment amplitude
is 4, 53mV representing a suitable amplitude with relation to products such as Polar, Zephyr
and Numetrex Cardioshirt. The accuracy counting QRS complex ev nts is99%, and the
measured autocorrelation for the same interval is0,99.
The tailored algorithms are implemented in Matlab using Discrete Wavelet Transform (DWT),
which has proven to be an adequate technique for filtering andsegmentation, maintaining moderate
computational cost.
It is worth mentioning that the developed ECG patch was used to monitor one of the volunteers for
more than two years. During this period of time, the developed atch recorded the evolution of a
paroxysmal supraventricular tachycardia in the volunteer(s e Fig.3-18). As result, the patient was
subjected to a catheterization with ablation, which removed th cardiac arrhythmia.
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(a) The patch









(b) V as function of time
Figure 3-17.: Example patch combining the Electrodoctor module with a body mark (Figs.3-17a
to 3-9e), and its acquired ECG waveform (Fig.3-17b)
This result is significant considering that previously the patient attended emergency services, due
to the sensation of tachycardia, but the patient was not taken seriously because at the time of scree-
ning, the heart rate had already stabilized. Given the lack of evidence, the preliminary diagnosis
of the patient was anxiety and the medical staff recommendedpsychiatric evaluation. With the
results of the developed ECG patch, the diagnosis was corrected and cardiac catheterization with
ablation was performed. Evidence of the heart rate frequency distribution during tachycardia and
after ablation is presented in Fig.3-19b.
Wearability Testing: These tests are associated with the ergonomics and comfort of the pa-
tient [9]. We test wearability by measuring the physical volume and weight of the device, and
qualitatively asking the subjects under testing for their prception of the system. Mostly, test sub-
jects do not feel the patch. Yet, the subjects make clear thatw en the patch starts peeling out, it












































































































































Figure 3-18.: A-ECG acquired with the developed WMS detected non previously diagnosed car-
diac arrhythmias.
generates itching. Therefore, the patch should be changed while remaining well adhered in order
to ensure comfort, without degrading the measurement quality and the electronic circuitry.
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 Heart rate frequency distribution during arrhythmia episode
(a)









 Heart rate frequency distribution after patient’s catheterization
(b)
Figure 3-19.: Heart rate frequency distribution of signals acquired with the developed WMS.
Fig. 3-19aduring arrhythmia episode. Fig.3-19b after catheterization.
Form the obtained results, we find that the coating material at certain concentrations may alter the
color of garment. Tests on alight colored garment (lycra), cornsilk (R = 255, G = 248, B = 220)
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changed the color to beige (R = 245, G = 245, B = 220).
Resources Testing: This test aims at determining how long the device can continuously ope-
rate based on battery capacity, system power consumption, and the recharge technique while ope-
rating. For security reasons, we chose to minimize the number of batteries in the patch, introducing
a pair of button type batteries that are thin enough and together offer a capacity of500mAh.
Since energy consumption of the patch is9mAh, it can have a continuous operation for two days.
Time operation can be extended without interrupting the measurement, by recharging the devices
two or three times weekly using a battery located in the garment, for example on a shirt. Therefore,
management of the energy consumption is addressed, reducing the problem of long-term measu-
rement to the sensor-skin adhesion. Table3-1shows performance of different products in terms of




Electrodoctor Patch 40 40 7
Electronic Tatoo 15 N/A 0.5
IMEC with acceleration N/A 8 12
IMEC only HR N/A 30 12
Zephyr 2 1 6
Health Patch 3 3 9
Yan et al. N/A 1 N/A
Table 3-1.: Patches comparison including adhesion time, continuousmeasurement time, and size
in volume units
Context Awareness Testing: Acceleration is recorded using aZ1 mobile phone located at
chest level, in the left side, with a software developed for the Android operating system, that stores
in a micro-SD memory, the data provided by the built in accelerometer. The ECG and acceleration
data are stored with date-hour-minute and second, for laterassociation with ECG. An application
programmed in the Matlab software resamples and joins ECG signals and acceleration.
Test is performed with periods of motion and resting with thepurpose of obtaining a distinction
between a real problem and a disturbance caused by heart movement. The aim is to detect when a
false alarm of heart failure can occur due to movement. Detection ontributes to ignore the signal
at that point.
The comparison is made using the Pan-Tompkins beat detection alg rithm, marking each beat, and
using the correlation algorithm to detect areas of potential false positives, which are also marked. It
is expected that the acceleration measurement helps to detect and ignore false positives. Combined
data are normalized, resampled and analyzed with the Matlabsoftware.
Fig. 3-20shows a measurement during movement with resting periods atit start and end. It was
found that the change in acceleration due to user movement prcedes the broader disturbance in the
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Figure 3-20.: Simultaneous acquisition of ECG and acceleration data.
ECG. After a sudden movement, the electrodes vary slightly teir skin contact producing changes
in the amount of interference that is introduced to the ECG,60Hz noise can increase or decrease,
and the baseline level tends to change by the offset associated wi h a capacitance. The battery life
during continuous monitoring failed to exceed three hours of operation, showing that the power
consumption remains high.
4. Processing of Acquired WMS
Signals
Processing WMS data.
After having developed the basic tools for ambulatory data acquisition in the preceding
sections, the present chapter is focused on three novel methods for the processing of ambu-
latory ECG signals. The goal of the proposed methods is to provide high performance and
low computing cost algorithms for estimating cardiac arrhythmias using mobile devices. As
shown in Fig.4-1, first, we propose a procedure to classifying the ECG signalsregarding
the quality of the signals, which then are processed for detection of atrial fibrillation and
premature ventricular contractions.
This chapter is structured around three elements including: pre-processing with estimation of the
ECG signal quality, and ECG signal processing for identification of atrial fibrillation and classifi-
cation of premature ventricular contractions (see Fig.4-1). The first section (4.1) covers the pro-
posed models and used techniques, which mix correlation, diversity, Principal Component Analy-










Estimation of ECG signal quality
ECG signal processing
Figure 4-1.: Processing scheme
The second section (4.2) presents the experiments and results obtained with the proposed models.
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Performance is compared with state of the art methods througdistortion measures, accuracy and
computational cost, ensuring that the developed methods can be implemented in real time.
4.1. Proposed Methods for ECG Processing
Electrocardiogram (ECG) is the standard way to measure and di gnose abnormal rhythms of the
heart [11]. When WMS are required for ECG monitoring, high volumes of information lead to the
presence of disturbances and high computational cost [30]. In this sense, thePhysionet 2011
Challenge was carried out with the aim of determining the proper ECG data se acceptable for
interpretation [178].
Since the nonstandard conditions during ambulatory ECG data acquisition, robustness to different
kind of artifacts is an important aspect to take into consideration. In Section4.1.1, an algorithm
based on diversity schemes and correlation techniques is proposed. This algorithm provides in-
formation about the adequate/inadequate acquisition of ECG signals, allowing to detect failures
caused, mainly, by sensors displacement and baseline wandering.
After having selected the data of sufficient quality, a set ofpr cedures for signal conditioning and
detection of cardiac arrhythmias is proposed. The standardprocedure for development of algo-
rithms for ECG signal processing is followed, which involves the stages of pre-processing, feature
extraction and classification. Techniques for ECG signal pre-processing are addressed to four key
problems: remove baseline artifacts, eliminate high-frequency noise, remove power line interfe-
rence and reduce noise with spectral components in the same bndwidth of ECG signals such as
white noise or thermal noise.
In Section4.1.4, features obtained from Discrete Wavelet and Discrete Wavelet Packet Transform
are studied to characterize arrhythmias, such features arecalculated over each level of decompo-
sition and can give successful information of atrial activity by employing just one channel. Then,
this characterization is useful for ECG signal analysis where the number of channels is small. The
features considered are Wavelet energy and its standard deviation in eight decomposition level.
In Section4.1.5, Discrete Wavelet Transform (DWT) is used to remove baseline wander and po-
werline noise. Three different features spaces based on Wavelet coefficients are tested. Principal
Component Analysis (PCA) is applied to reduce the dimensionin one feature space. K-Nearest
Neighbor (KNN) and Support Vector Machine (SVM) are used to classify PVC.
4.1.1. Assessment of ECG Quality based on correlation
ECG signal quality using mobile devices, is determined fromthe perspective of the measurement
fidelity (associated with morphology, amplitude and frequency of ECG signals), and the coupling
between the electrodes and the patient, reducing saturation nd deviation from the baseline [178].
Acquisition system must guarantee high values of Common Mode Rejection Ratio and Signal to
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Noise Ratio, and other quality indices usually quantified with frequency-domain, time-domain and
waveform distortion measurements.
As discussed in [164, 44], quality of measured ECG recordings can be obtained from a det iled





x(t)y(t+ τ)dt, ∀t, τ ∈ T (4-1)
whereE{·} stands for expectation operator. For the sake of easier interpretation, we use the Pear-
son coefficient correlation,ρ, which is estimated by dividing the covariance (cov{·}) of two given





Diversity systems: Correlation-based measure of quality given in Eq. (4-2) is applied bet-
ween signals under assumption that ECG signal channels can form a diversity scheme. Used in
telecommunication system analysis, diversity techniquesexploit the apparently random nature of
some channels, having more than one version of the signal originally transmitted; each copy of the
signal will experience differences in terms of attenuationand phase delay while travel from source
to receiver.
Diversity can be used to improve system performance in fading channels, instead of transmitting
and receiving the desired signal through just one channel; processor obtainsL copies of the desired
signal throughM different channels. The idea is that while some copies may undergo deep fades,
others may not. Thus, out ofM branches,M replicas of the transmitted signal are obtained by the
receiver,x = [x1(t) . . . xM−1(t)]. Consequently, the proposed scheme places the human heart as
the Single Input system, while the ECG sensors represent Multiple Output scheme, as shown in
1
2
Figure 4-2.: Single input multiple output (1, 2) diversity scheme.
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Fig. 4-2. As a result, uncorrelated data are matched allowing to detect relations of proportionality,
to reconstruct the original signal rejecting disturbancesor artifacts.
Rating criteria of the signal: The purposed score, based on diversity and correlation ratios,




− σ, ς ∈ [0, 1], (4-3)
whereϕ is the mean of the zero-lag autocorrelation coefficient (i.e. τ = 0), computed for each one
of the 12 channels during the time lapseT (i.e. 10 s). Correlation is evaluated using the pattern












In turn, scalar valueχ is the mean of the cross correlation between the reference channel (in the








Lastly, the termσ is the mean standard deviation ofE{αn(t)xn(t)}|τ=0, estimated for each second
interval during the defined time lapseT.
The purposed score ranges from0 until 1, where the lowest the score - the worse the quality of
measured ECG recording. Particularly, given a10-s-length ECG recording acquired from a patient,
for which the following values are estimated,χ = 0,5, ϕ = 0,95, with high value ofσ = 0,4, then
the following score is obtained:ς = 0,325. Thus, it is likely the recording is corrupted by any
interference or artifact.
Acquisition system calibration: Quality estimation is delivered in the following steps:i)
calibration of the acquisition system through correlation-based measure of quality; calibration is
carried out with a simulated ECG signal, andii ) signal scoring using iterative cross correlation and
autocorrelation among all ECG channels. Data sources for machine calibration are created using a
standardized signal generator and ECG system to determine the quality of ECG acquisition system
under consideration. It should be quoted that the former step i not mandatory, but it is desirable to
guarantee the quality of the measuring instrument.
Latter step (signal scoring) is important to ensure the proper sensor acquisition. In addition, this
step permits to differentiate these artifacts, due to disconnection or movement, that are clinically
relevant, and therefore should be corrected.
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Figure 4-3.: Calibration of data acquisition device.
First step can be carried out periodically to verify the signal generator scale with a standardized
caliper; reference arrays with ideal sinusoidal, square functions, and ECG waveforms are construc-
ted. These arrays are correlated with data obtained by the signal generator trough a standardized
computer-based ECG Machine. For instance, this work uses the Lionheart 1 (BIO-TEK) si-
mulator that is tested using theQRS-Card (Pulse Biomedical Inc). Acceptable correlation coef-
ficients (heuristically, it is determined as acceptable a thres old≥ 0,8) lead to consider the signal
generator adequate for calibrate ECG devices.
It is intended to embed a reliable signal generator into mobile ECG machines for self calibra-
tion process. In this regard, with the aim of determining thefeasibility of this proposal, we use
theLionheart signal generator with the ECG acquisition systemElectrodoctor. Once the
proper acquisition system is assured, the next step is to determine whether signals are properly
acquired trough the signal scoring action.
Estimation of Signal Scores: Based on the correlation and diversity approaches, and taking
as reference the Physionet-CINC challenge, named “Improving the Quality of ECGs Collected
Using Mobile Phones” [178], it is proposed to enhance results of participants like Langley et al.
[108] and Xiao et al. [207] to measure signal quality. A flowchart of the process of estima ng
signal quality is presented in Fig.4-3.
Auto correlation between same channel aims to determine base line wandering caused by electro-
des movement, whereas cross correlation allows to estimatech nges in specific channels showing
problems of missing channels or saturation.
It must be quoted that recordings measured with acceptable quality should have a high correlation
on the same channel and between different leads; therefore standard deviation is low, and the
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correlation standard deviation is inversely proportionalto signal quality. Thus, for estimation of
signal scoring, correlation values are to be added while deviation ones are to be subtracted.
As a result, unacceptable values derived from score-based crit ria for this multistage algorithm
include the followings:
– flat line, that is, constant voltages at least for1 s, saturation;
– constant voltage superior to2 mV by more that200 ms;
– baseline drift and channel off the chart;
– drifts over to2,5 mV, low amplitude;
– if the maximum amplitude is lower than125µV.
4.1.2. Principal Component Analysis (PCA)
The Principal Component Analysis (PCA), is a widely appliedt chnique for feature extraction
[93]. PCA reduces the dimension by projection the data onto a a lower dimensional space while
retaining the maximum variability of these data. Each individual is represented by a vector. It is
designed to work with a set ofN individualsO = {oj : j = 1, ..., N}, which are described inp
random variables{ξi, i = 1, . . . , p, } as follows:
ξi : O −→ R
oj 7→ ξi(oj)
Thus, the natural representation of an individualoj ∈ O is by a vectorθj ∈ Rp:
θj = [ξ1(oj), ξ(oj), ..., ξp(oj)]
T ∈ Rp j = 1, 2, ..., N
And the centralized data matrix can be built:








where each row represents an individual and each column repres nts a variable. A new set of
orthogonal variables must be constructedζ1, ζ2, ..., ζq with q < p, which are linear combinations










Then, the projected data on these new variables are represented as follow:
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ϑj = [ζ1(oj), ζ2(oj), ..., ζq(oj)]
T ∈ Rq, j = 1, 2, ..., N











The optimization problem is as follows: emph “maximize variability of projected data, subject to










sujeto a < ζi, ζj >= δij
(4-7)
The above task can be formulated in the following way: given the centralized data matrixXN×p as
































tal queW TW = Iq






















sujeto a W TW = Iq
Lastly, the solution is found by setting the columns ofW to theq leading eigenvectors of the
covariance matrixXTX.
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4.1.3. Wavelet Transform
Given a signals(t), its corresponding Wavelet transform is given by:










whereψ(t) is the Wavelet mother function and is chosen according to thenature of signal.
Discrete Wavelet transform can be implemented by using two finite impulse response filters (FIR),
high-pass filter (HPF) and low-pass filter (LPF), associatedwith the mother Wvelet function and
the Wavelet scaling function respectively. Discrete impulse response of low-pass and high-pass
filter are respectively represented byh(k) andg(k), wherek denotes thek-th time instant. For
instance, Haar Wavelet filters are shown in Fig.4-4.

















Figure 4-4.: Haar Wavelet mother.
Adaptive Wavelet Packet Transform: Adaptive Wavelet packet transform (AWPT) uses
functions and filters to be calculated afor each level, Low pass filter is associated with scale fun-
ction φ(x) and high pass filter with Wavelet mother functionψ(x). For the filters response of
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Wavelet transform returns an unbalanced tree whereas Wavelet Packet with additional processes
applied on high frequency achieves a balanced tree. Adaptive filters have coefficients that change
and are adjusted to morphology along the signal. AWPT chooses the best representation through a
adaptive search [1].
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Figure 4-5.: Decomposition Tree (k = 3). Fig. 4-5a: unbalanced by DWT. Fig.4-5b: balanced by
the AWPT.
An approximation and detailed coefficients are yield from LPF and HPF through a decimated
convolution as follows:










wheres(i), i = 0, . . . , N − 1 andN is the signal vector length.
To start the iterative decomposition, functionsh andg have length2N and are directly related
with Wavelet mother function. Then, Wavelet functionsW2n andW2n+1 associated with detail and














whereW0(x) = φ(x) andW1 = ψ(x) ranged into the interval[0, 1].
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Figure 4-6.: Schematized Experimental Setup for identification of Atrial Fibrillation
4.1.4. Proposed Method for Identification of Atrial Fibrill ation
The proposed approach allows to identify normal sinus rithmand arrhythmia recordings in a short
period, improving the time for diagnosis. This computational cost improvement may permit to im-
plement fast diagnosis algorithms in mobile Holter embedded devices, which in addition to record
data, detect and give information about the beginning of AF,allowing to prevent the development
of cardiomyopathies or perform exercises for heart rate stabiliz tion. Experiments for testing of
this method are summarized in Fig.4-6.
Wavelet Based Features: Haar mother function was chosen by means of a heuristic search,
taking into account discrimination capability for considered arrhythmias. In addition, the squa-
re wave has a lower frequency selectivity. DB4 and DB6 are also good alternatives because of
their geometrical similarity with ECG that supports an adequate convolution, however, the non-
selectivity approach of Haar filters allows to decompose signal in levels with balanced frequencies
(Wavelet decomposition tree). Then, this was the decisive cr t rion for the selection of the Wavelet
mother function.











wherezm represents all coefficients associated with levelm, ℓm,n andℓm are the number of ele-
ments ofzm,n andzm, respectively.
Relative Energy is related with the signal frequency, so it must be present in sub-bands of relevant
frequencies. Normal rhythm has regular variability, with frequency ranged in1,2Hz − 1,4Hz,
moreover AF allows observation off waves instead ofp waves [1], with frequencies of6 and12
Hz for large-wave and small-wave.
Relative energy was studied over eighth WP level (8, 0 to8, 15). In order to determinate informative
Wavelet sub-bands associated with frequencies between 1Hz- 22.5Hz, Wavelet mother function
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was scaled with regards to frequency [1]. For Haar Wavelet, AF frequencies are located in sub-
band4, 0 (0− 22,5Hz), and was confirmed with a periodogram wich shown high spectral density
(dB/Hz) in 0Hz to 22, 5Hz sub-band.
To reduce computational cost, instead of WP decomposition,sub-band(4, 0) was obtained from
the fourth level of DWT approximation coefficients, calleds(i). Next step consist in extracting the
fifteen sub-bands of the eight WP level in the original signals(i), through the fourth level WP
decomposition ofs(i).
Approach here presented is advantageous in comparison withtraditional discrete and adaptive
Wavelet transforms because processing speed increases when implementing constant high-pass
and low-pass filters to achieve a balanced decomposition. Inaddition, it is only necessary to use
the first decomposition levels and one ECG lead or channel. Another advantage is the capability
to carry out an analysis process with few data from recordingwhereas another Wavelet based
techniques can require more than five minutes of signal [1].
Statistical features: As a statistical measure of the energy dispersion, standarddeviation was
extracted from the relative energy distribution of the leveand sub-bands of the Wavelet decompo-
sition tree associated with frequencies of interest.
4.1.5. Proposed Method for Classification of Premature Vent ricular
Contraction
A method for the detection of PVC is proposed looking for a trade-off between computational
cost and performance. A signal processing method using fastDWT was implemented, Wavelet
domain was used for denoise, based line removal, segmentation and feature extraction making a
simple algorithm, with low computational cost. The specificcombination of proposed techniques
provides a good performance and trade-off between accuracyand computational cost. Fig.4-7
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Figure 4-7.: PVC detection Diagram
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Preprocessing: Fast DWT was used to reduce noise, baseline wander and power line interfe-
rence. Fast DWT works like an array of high pass h(n) and low pass l(n) filters as it is showed in
Fig. 4-8, where coefficients of the filters are selected according to the mother Wavelet, a with cut
frequency in the middle of the spectrum of the input signal [25]. Fast DWT was implemented with
eight decomposition levels; Daubechies and Symlets with different orders were used as mother
Wavelet and checked.
Figure 4-8.: Fast DWT with three levels of decompositions.
Algorithm for noise reduction based in Wavelet consists in decomposing the signal into frequency
scales using fast DWT, thresholding according to the level of signal/noise ratio. Thresholding was
applied on the detail coefficients cD1 cD8 [153].
Approximate coefficients cA8 corresponds to lowest frequencies and contain the baseline wander,
then, these coefficients can be removed.
Segmentation and Feature extraction: An algorithm based in Wavelet transform was used
to detect the R peak according to [52]; the sum of the reconstructed detail coefficients cD2, cD3,
cD4, cD5 was used to detect the QRS complex. This wavelet scales orresponds to the main fre-
quency components of the QRS complex, where the amplitude ofthe T wave is markedly decrea-
sed. The absolute value of the reconstructed signal was calculated and the peaks were detected
using the adaptive threshold proposed by Pan and Thompkis [142]. After identifying the R peak,
200 points around the peak R were extracted.
In order to create the sets for training, cross validation and test process, a matrix with all beats
with 200 points extracted to the database was built. We consider onlythe PCV and normal beats,
assigninglabel 1 to ventricular beats andlabel 0 to normal beats. To avoid class imbalance, in
the construction of a beats matrix the same number of 1 s and 0 s(equal numbers of normal and
abnormal beats) was select randomly. This matrix was divided n a60% for the training set,20%
for cross validation set and20% for test set.
PCA analysis is used to perform the dimension reduction. PCAis concerned with explaining the
variance covariance structure of a set of variables througha few linear combinations of these va-
52 4 Processing of Acquired WMS Signals
riables. Geometrically, PCA find a new coordinate system obtained by rotating the original system
which directions represent the maximum variability and provide a simpler description of the cova-
riance structure [92].
Classification: KNN and SVM are used during the classification stage, the KNN is a statistical
classification algorithms used for classifying objects based on closest training examples in the
feature space [170]. This algorithm is one of the simplest learning algorithms: an object is classified
by a majority vote of its neighbors, with the object being assigned to the class most common among
its k nearest neighbor. For this project, KNN was implemented using Matlab Toolbox to obtain the
result for each beat.
SVM is a supervised learning machine method which selects the hyperplane that maximizes its
distance from the training set patterns of two classes [183]. In a SVM, given X, an input vector
with mdimensions, a new feature vectorfER(m − 1) is computed depending of the proximity
to vectors in the training set. To compute the proximity, a Gaussian kernel is used formulated as
follows:




The prediction is calculated with the inner product betweenthe new feature vector f and the
weights(alpha) of the modelΘT , where the prediction is 1, ifθT .f ≦ 0. SVM are implemen-
ted in MATLAB using a simplified version of SMO algorithm fromthe Learning Machine online
course of Andrew Ng from Stanford University.
Computational Cost Measurement: Execution time is measured as an indicator of the
computational cost. MATLAB profile function is used using a1,67GHz Inter R Core TM Duo
CPU with RAM of3GB and32 bits Windows8 operational system.
Distortion Measures: Correlation, percentage root mean square difference (PRD)and signal
to noise ratio (SNR) are used as distortion measures in preproc ssing stage. To make these mea-
sures, a synthetic ECG signal with4550 samples and with a sample frequency of256Hz is used,
adding synthetic power line noise in the60Hz band.
4.2. Experiments and Results
4.2.1. Results for Selection of the Best Quality ECGs
Database: In practice, there are many situations leading to an improper setup of the acquisi-
tion system (electrode disconnection, movement, baselinewandering, among others), which are
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presented in theMIT-Physionet database including numerous scenarios intended to train the
classifier. So, the signal scoring algorithm is tested usingPhysionet database that is a collection
of 1000 registers, 12-lead ECGs, each10-s-long, recorded by people with different amounts expe-
rience, intended to be used as a training set for the PhysioNet/Computers in Cardiology Challenge
2011 [178]. The training set includes775 recordings labeled as acceptable,223 labeled as unac-
ceptable, and2 recordings labeled as indeterminate.
Obtained Correlations: Calibration of the acquisition systems is done successfully using the
proposed quality criteria of ECG measurement based on a highcorrelation. Measurements of the
standardized ECG system show correlations above 95 %, whilecorr lation for the Electrodoctor
device is 80 %.
It must be quoted that the proposed measure of quality leads to implementation of devices that
can be self calibrated through a reliable signal generator,for example, digital to analog converters
embedded in the electronics of the mobile device.
For the second step (signal scoring), absolute value of the score goes to zero when there is no
correlation, whereas a correlation of zero means no relationship between channels; that situation
occurs in cases of flat line when values are constants.
Initial testing gives values of sensitivity and specificityaround86%, which are not so high as
expected. This result can be explained since some recordings are close to the decision threshold,
caused by a low score due to any zero-correlation value, obtained with some channel.
However, some of recordings labeled as acceptable in the database reach low signal scoring values
close to0,5 (lower that the fixed threshold). Detailed analysis of thoserecordings shows that there
is artifact influence in, at least, one channel, in particular, a flat line is measured. So, that recordings
should be relabeled as unacceptable for diagnosis.
Estimation of signal scores for testing of the PhysioNet datab se is is shown in Fig.4-9a, computed
for all 1000 patients. According to the provided information, the first233 recordings are labelled
as unacceptable for diagnosis, whereas reaming764 can be considered as acceptable. Nonetheless,
recordings in the first part with correlation-based scores exce ding the threshold are found, and, at
the same time, other recordings labeled as acceptable reachlow quality score of measure.
Overall, from signal scoring and performed classification,we obtain a sensitivity value of86% and
specificity of91%.ROC curve (shown in Fig.4-9b) shows accuracy superior to90%. Accuracy of
the algorithm allows to confirm that some recordings of Physionet database, labeled as acceptable,
have no data, and therefore, should be considered unacceptable (see Table4-1).
4.2.2. Results for Identification of Atrial Fibrillation
Database: ECG signals were drawn from MIT databases, namely, MIT-BIH arrhythmia, MIT-
BIH atrial fibrilation and MIT-BIH normal sinus rhythm [131]. MIT BIH Arrhythmia Database
[72] was used.
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(a) Quality score (b) ROC curve
Figure 4-9.: Estimated values of correlation-based quality score forlabeled recordings as accepta-
ble/unacceptable and ROC curve for quality estimation
† MIT-BIH Arrhythmia: contains48 half-hour excerpts of two channel ambulatory ECG
recordings, the records were digitalize at360Hz, with 11 − bit resolution over a10 −mV
range. The records were extracted both random and supervised from over4000 original 24
hour records.23 out of the48, were chosen randomly to server as a representative sample
to identify the variety of the waveforms, remaining25, were supervised included because
features of the rhythm, QRS morphology variation, or signalquality may be expected to
present significant difficulty to arrhythmia detectors.
† MIT-BIH Atrial Fibrilation: individual recordings are each10 hours in duration, and con-
tain two ECG signals each sampled at250Hz with 12 − bit resolution over a range of10
millivolts. The 23 records were extracted according to the presence of paroxysmal atrial
fibrilation.
† MIT-BIH Normal Sinus Rhythm: this database includes18 long-term ECG recordings.
Each record contains a two channel signal, digitalizes at128Hz with a12− bit resolution.
For the first two databases, selected population were25 men aged32 to 89 years, and22 women
aged23 to 89 years. With two of the recordings coming from the same male subject. Subjects
included in normal sinus database were found to have had no sig ificant arrhythmias; they include
5 men, aged26 to 45, and13 women, aged20 to 50.
The AF and NSR databases are re-sampled to360Hz in order to compare results between them,
since spectral information should be analyzed in the same frequency range. Since arrhythmia
downsampling database leads to lost information whereas oversampling of AF and NSR data-
bases add redundant information to the signal. In this context, sampling frequency was set360Hz








Table 4-1.: Number of mislabeled Recordings.
that also facilitates to filter the 60-Hz noise.
Energy Distribution: Fig. 4-10shows the summarized mean energy distribution for selected
patiens , from(8, 0) to (8, 15) sub-bands of Wavelet decomposition. It can be seen that the energy
for the AF and arrhythmia signals is concentred in the sub-level 8, 0, and this value presents a
major drop in the case of normal sinus rhythm.
Figure 4-10.: Energy distribution for the eighth level, ECG Channel 01
Statistical analysis was carried out using standard deviation over the obtained energy distribution.
In normal sinus rhythm signals, the standard deviation of the eighth level energy distribution is
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found between1% and3% whereas for arrhythmias and atrial fibrilation is around5% and8%,
respectively. Energy analyzed between sub-bands (6, 2) to (6, 4), ECG Channel1 sensitivity and
specificity were between60% and95% and57% and94% respectively. The maximum compu-
tational cost was0,2 MHz, equivalent to a fraction of the processing power of devic s as cell
phones or embedded Holter systems.
4.2.3. Results for Classification of Premature Ventricular
Contraction
Database: MIT-BIH Arrhythmia Database is used. Only ventricular beats nd normal beats
were considered.2538 beats were extracted to the training set,850 beats to the test set and846
beats for cross validation set. Each set was constructed with the same number of normal beats than
PCV beats. Fig.4-12a shows a normal beat and Fig.4-12b shows a PVC beat extracted from the
database.
Noise reduction: A comparative analysis was done between the method proposedusing DWT
with mother Wavelet db4, db9, sym9, sym4 and other traditional methods as single median and
double median filter to removal of baseline wander. Single median was applied with an averaging
window length of77 samples, and double median was applied with a first stage averaging window
of 77 samples and second stage of154 samples. Table4-2shows the results of distortion measures
applied.
Table4-3 shows distortion measures for power line removal for several methods like Notch filter,
Ziriani filter [216], Kalman filter [13] and noise reduction with DWT. The results show that Wavelet
Method has better performance in order to ensure that the preproc ssing stage does not distort the
signal morphology with low computational cost.
Feature space: Three different features spaces were created and compared.Fi st, Wavelet
coefficient of cD3(n) to cD8(n) were used as features, therefore a160 dimension vector is used
as feature.
Second feature space was created after applied PCA to Wavelets co fficients and dimensions was
reduces from160 to 10, which represent the81,55% of the variability of the system.
In the third feature space, the energy contribution of the Wavelet sub bands coefficients were ex-
tracted to create the feature vector, cD3(n), to cD8(n) and cA8(n) were selected, while cD1(n) and
cD2(n) were discarded be cause they only represented 2 % of the total energy of the signal.
The energy percentage contributions were calculated as features, results in a vector of eight dimen-
sions.
In the third feature space, the energy contribution of the Wavelet sub bands coefficients were ex-
tracted to create the feature vector, cD3(n), to cD8(n) and cA8(n) were selected, while cD1(n) and
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Method
Execution time Distortion measures
for 1s signal [ms] Correlation PRD SNR
Single Media 11.22 0.9128 41.13 17.76
Double Media 24.48 0.8987 43.13 16.81
Wavelet Sym9 7.71 0.9898 18.71 33.51
Wavelet db9 1.73 0.9492 32.86 22.25
Wavelet db4 1.49 0.9144 42.62 17.41
Wavelet Sym4 3 3 9
Table 4-2.: Baseline wander remotion
Method
Execution time Distortion measures
for 1s signal [ms] Correlation PRD SNR
Notch IIR 0.883 0.9991 4.33 62.77
Ziriani [216] 7.77 0.9669 25.52 27.31
Kalman AR [13] 11.56 0.9999 1.71 88.79
Wavelet 0.99 0.9999 1.10 90.17
Table 4-3.: Power line interference removal
cD2(n) were discarded be cause they only represented2% of the total energy of the signal. The
energy percentage contributions were calculated as features, results in a vector of eight dimensions.
For the third model, PCA was applied in order to find the three dir ctions of maximum variability
and visualize the feature space in a 3D plot. Fig.4-11shows the three principal components for
the training set which represent the94,61% of the variability.
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Figure 4-11.: Third feature Space with 3 Principal Components
Classification performance: KNN and SVM were applied to three different feature spaces.
Different parameters of KNN and SVM algorithms were checkedwith a cross validation set and
parameters with best performance were selected for the imple entation. The parameters tested for
KNN were the number of neighbors k and the distance function used, for SVM were the regulation
parameter (C) and the standard deviation (sigma) parameter. Examples ofthe classified beats are
shown in Fig.4-12.
(a) Normal (b) Ventricular
Figure 4-12.: Normal and ventricular beats
Table4-4shows the performance and the execution time of three different feature space using KNN
and SVM with parameters selected with cross validation set.Execution time was calculated only
for prediction algorithm. SVM training computational cross i not relevant for real time application















Feature space Classifier Specificity Sensitivity [ %] F1 Score Execution
[ %] [ %] time [ms]
160 Wavelet Coefficient KNN with K=1 and correlation function 96.47 97.41 0.9696 1.63
without cD8 and cD7 SVM with C=10 andσ=0.7 99.06 95.53 0.9725 0.94
10 principal component KNN with K=3 and Euclidean function 96.24 97.18 0.9672 1.29
of Wavelet coefficient SVM with C=1 andσ=0.7 97.18 96.47 0.9681 0.56
8 Wavelet energy KNN with K=3 and Citiblock function 94.82 93.41 0.9404 1.23
sub-bands SVM with C=10 andσ=0.7 93.41 92.47 92.91 0.47
Table 4-4.: Comparation of KNN and SVM performance using three different feature spaces
5. Multi-objective Design of Wearable
Systems for ECG Monitoring
Optimizing WMS.
Several of the methods presented so far can be complemented because the set of variables
involved in the performance of WMS is diverse and often antagonistic. Therefore the design
of usable wearable systems in real clinical applications entails a number of challenges that
also have to be addressed. This chapter describes a method tooptimise the design of these
systems for the specific application of cardiac monitoring.
5.1. Proposed Method for automated WSM design
The proposed method is based on the selection of a subset of5 design variables: sensor contact,
location, and rotation, signal correlation and patient comfort, and2 objective functions: functiona-
lity and wearability. These variables are optimised using li ear and non–linear models to maximise
those objective functions simultaneously. The methodology described and the results achieved de-
monstrate it is possible to find an optimal solution and therefore overcome most of the design
barriers that prevent wearable sensor systems from being used in normal clinical practice.
5.1.1. WSM Objective Functions are Conflicting
This chapter introduces a methodological approach for selecting the most appropriate WMS con-
figuration for cardiac activity monitoring. It is based on a multi–objective framework, using re-
gression models to define the cost functions from the design variable space: skin contact, sensor
location, sensor rotation, correlation, and comfort. The cosen objective functions are functionality
and wearability.
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A heuristic is the feasible technique that better matches thneeds and available know–how in the
cardiac WMS realm. Two multivariate regression models are studied (linear and non–linear) to
encompass several input observations and more than one output variable (real–valued and catego-
rical). Feed–forward Neural Networks (FNN) are employed for n n–linear regression modelling
due to their strong ability to approximate complex mappingsdirectly from the input samples [198].
There is more than one global optimisation design goal (objectiv function), each of which may
have an uncooperative self–optimal decision. To cope with this issue, the solution of the multi–
objective optimisation (MOOP) set–up proposed is represent d by a set of efficient points (Pareto–
optimal set), which included all decision vectors in which the corresponding objective vector could
not be further improved in any dimension without degradation in another one [217]. However, the
complexity of MOOP tasks turns out to be more significant as the size of the problem grows, na-
mely, as the number of objective functions and dimension of the search space increase [107]. In the
case of WMS, the MOOP–based solutions rely on empirical procedures (trial and error guessing)
and experience of designers, becoming such a task too tedious to be performed manually and too
complex to be performed automatically [96]. Therefore, it is proposed a more efficient and scalable
MOOP tool that can be of great benefit in cardiac WMS, especially when the optimisation tasks
become more complex. In order to compute a solution for the MOOP, a Genetic Algorithm (GA)
was used. For validation purposes, we carried out a set of experiments, using the proposed design
variables, on12 healthy volunteers aging between20 to 30 years. The results show that the non–
linear regression modeling of the cost functions provides abetter fitting, allowing the WSM layout
design to reach an optimal trade–off between the two objectiv functions analysed: functionality
and wearability. Therefore, our proposed methodology extends existing basic design approaches
to their automated version that may be performed as a furtherstage to improve this class of ap-
proaches. Besides, our approach allows experimentally modeling the cost function space in either
version, linear or nonlinear, to fulfill with more realisticconditions of design.
The remainder of this chapter is organised as follows. In Section 5.1, we describe the set of candi-
date design variables, the objective function definition process based on regression modelling, and
the MOOP framework employed. In Section5.2, we describe a realistic study case and detail the
results on performance evaluation of the WMS.
This chapter comprises theoretical and empirical sectionsas shown in ( Fig.5-1):
Several works have addressed the definition of an adequate MOOP framework for WMS design [9,
185]. A comprehensive review of MOOP evolutionary algorithms is g ven in [115] for solving
various complex problems.
The commonly recommended stages are:
Formalisation of the design constraints based on the hardware resources, the architecture de-
vice models, and the user’s context. Identification of critial variables that includes selection
and measurement of the most influencing functions and variables during the WMS design
process.
Formulation of the optimisation goals in quantitative terms: Multiobjective representation.
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Figure 5-1.: General framework. Applying regression modelling, the objective functions are defi-
ned an trade-offs are found using MOOP with evolutionary algorithms.
MOOP using any of the many evolutionary algorithms that havebe n already proposed in
the scientific literature.
The first two concurring stages relate to defining the available o jective functions that must be
modelled by means of a feasible design variable set. This definition exerts the greatest influence on
the MOOP task performance, and therefore, it is of paramountimportance to achieve an effective
WMS layout. The objective functions must include the domainplurality of the modelling variables
(quantitative and categorical), and the decision variabledomains must satisfy the assumed set of
constraints. Although the individual modelling of subsystems may be more suitable in some cases,
the overall WSM layout relies on the efficient integration ofa higher amount of decision variables.
The following subsections describe the model implementation proposed for an efficient cardiac
WSM scheme.
5.1.2. Objective functions
A review of the objective functions and their meaning was presented in Table2-2. Although the
number of WSM objective functions suggested in literature is large enough, each one is usually
modeled employing its own set of design variables, making very expensive the incorporation of
more extensive design spaces. For the sake of a reasonable cost implementation, we validate our
proposed approach using just two available cost functionsf : functionality (termedf1) and wea-
rability (f2). Based on the same ground, many studies have been carried out mainly using both
design variables as seen in Table2-2. Representative examples of their use for Wearable Sensor
Systems include [125, 9, 10, 28, 187, 145, 6, 68]. It is worth noting that the proposed approach of
Multi–objective Design devoted to wearable sensor systemsfor electrocardiogram monitoring is
so flexible that it can be extended to other feasible design spaces without substantial changes.
The variable subset is selected as to include each measuringprinciple for WMS design: hardware
sensors, data processing, and communications, and interaction with the user. Therefore, the varia-
ble subsetξ is chosen based on the expected influence on the objective functionsf1(ξ) andf2(ξ).
In the particular case of ECG monitoring, the constraints reflecting where sensors can gather useful
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information about the human body and the constraints of wearability should be strongly considered
[187]. Moreover, the following variables have been reported as having a substantial influence on
the ECG measurement: sensor location [133, 76, 29, 9], the electrode-skin contact [117, 76, 29],
and signal quality [10, 125, 29]. Despite this reported importance, a close relationship between
them remains an open issue. Therefore, the hardware variables chosen for final design variable set
ξ are: skin contact (termedξ1), sensor location (ξ2) and sensor rotation (ξ3). Correlation (ξ4) is
selected from the group of Processing variables, as an indicator of the quality of the signal. Finally,
comfort (ξ5) is taken as a measure of human perception (Interaction variable).
5.1.3. Design variables
A review of the most frequently used WSM design was presentedi Table2-3. It is not advisable
to enter all these variables into the MOOP method for practicl reasons. The design variable subset
should be selected according to some optimisation criteria[87]. In this work, the variable subsetξ
is chosen based on the expected influence on the objective functionsf1(ξ) andf2(ξ). According
to this criterion, the final design variable setξ chosen is: skin contact (termedξ1), sensor location
(ξ2), sensor rotation (ξ3), correlation (ξ4), and comfort (ξ5). The first three variables are related to
hardware sensors, the next one relates to processing ability, and the last one to interaction.
5.1.4. Objective Functions Regression Modelling
Regression modelling is proposed as the method to quantify the relationship between the design
variable set, and the objective functions of the WMS,f (ξ). We propose two modelling schemes
based on linear and non–linear techniques in order to compare their performance. All the regres-
sion models are multivariate, comprising several input observations and more than one outcome
variable. In addition, they can handle real–valued and categorical variables.
Linear Regression Modelling
The objective of this modelling is to predict a response functio fn from the design explanatory
setξ by finding a particular linear relationshipfn=φ(ξ|θn) that should correlate maximally with
fn (usually, by minimizing the sum of squared deviations), where φ(·) is a scalar–valued estima-
tor andθn is a vector holding the corresponding model parameters. In particular, we assume the
explanatory vector consisting ofM=J+P variables, withJ real variablesξj∈R, j=1, . . . , J and
P categorical variablesξp∈{1, . . . , Qp}, p=1, . . . , P, whereQp is the number of categories on the
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pth variable. Thus, the following linear regression model isconsidered [58]:

















whereδqp=δ(ξp − q) is an indicator (qualitative) variable,δ(·) is the Dirac delta function,αj∈R
is the vector of the coefficients associated with real variablesJ to the output functionfn, βqp∈R
are the coefficients related to theq-th category ofp variable,γ qjp∈R is the vector of the interaction
coefficients betweenJ real variables andP categorical variables, andηn∈R is a constant vector.
Non–linear Regression Modelling
In this case, heuristic learning algorithms identify multiple levels of representation (explanatory
factors), with higher–level features representing more abstr ct aspects of the data. Specifically, we
use a FNN that is a functionφ:RM→RN that maps non–linearly the objectives into the conflicting
functions as follows [21]:
f (ξ) = (bU +W UzU−1) (5-2a)
zu = s(bu +W uzu−1) (5-2b)
wherebu∈R1×Mzu is the bias vector,Mzu is the number of units in theu layer,u=0, . . . , U , (being
U the network depth),W u∈RM×Mzu is the weighting matrix connecting the hidden layeru with
the hidden layeru− 1, zu∈RMzu holds the hidden layers, ands is an activation function that
typically is assumed as thetanh, or the logisticsigmoid function. Here, we assumez0=ξ as the
input training set.
5.1.5. MOOP Solution
The general constrained MOOP is formally stated as follows [121]:
minimize
∀ξ∈X
f (ξ) = [f1(ξ), . . . , fn(ξ), . . . , fN(ξ)]
⊤ , N ≥ 2 (5-3a)
subject to gk(ξ) ≤ 0, k = 1, . . . , K (5-3b)
hl(ξ) = 0, l = 1, . . . , L (5-3c)
wheref (·)∈RN is a vector of conflicting objective functions (cost functions) fn(ξ):RM→R, that
we want to minimise simultaneously. Each objective function is defined along withK∈N penalty
functions,{gk:RM→R}, andL∈N equality constraints{hl:RM→R}. ξ∈RM is a column-vector
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ξ=[ξ1, . . . , ξM ]
⊤ containing the set ofM∈N design variables,ξm∈R[ξmı́nm , ξ
máx
m ], also termeddeci-
sion variables.
A solution satisfying a set ofK+L given constraints and2M variable bounds constitute the non-
emptyfeasible variable spaceX⊂RM , where the optimal vector of decision variables,ξ∗, is the
point that maximises the vector objective functionf (ξ), generating the feasible objective space,
that is,Z={f (ξ∗)|ξ∗∈X}.
The optimising point,ξ∗∈X , is said to be Pareto optimal iff there is not another point,ξ∈X ,
such thatf (ξ)≤f (ξ∗), andfn(ξ)≤fn(ξ∗), for at least one objective function. The Pareto optimum
almost always gives not a single solution, but rather a set ofsolutions called Pareto optimal set, or
non-dominated solutions. Therefore, all Pareto optimal points lie on the boundary of the feasible
criterion spaceZ, or in the locus of the tangent points of the objective functions, known as the
Pareto front.
5.2. Experiments and results
5.2.1. Design variables measurement
Measurements related toξ1, ξ2, andξ3 were taken for up to6 or 7 minutes. The subjects had to
wear the sensors using each specific configuration under test. P riods of5 minutes rest were in-
cluded between each test. The maximum duration of the experiments was devised to minimise the
possibility of inducing hemodynamic changes (blood flow redistribution) due to wearing compres-
sive garments, as stated in [197]. The number of measurements for each volunteer was160, with 8
levels of skin contact,4 body sensor locations, and4 different rotation angles.
In accordance with earlier reported experimental set–ups [117, 114], a stepwise application of
controlled compression (ξ1) was carried out ranging from6 to 16mmHg by steps of2mmHg. The
adjustment of the sensor–skin compression was performed using a Riester Katch–Kuff manometer.
In addition, the measurements were repeated at the four standard chest places (see Fig.5-2), which
are more reliable in terms of skin contact. For everyξ2, ξ3 was set to0, 45, 90, and135◦. For each
resulting configuration, the ECG was acquired by a device attached to the pressure cuff and located
on a chest strap. The ECG monitor used was the Electrodoctor®recorder, supplied by the company
CELBIT LTDA [ 39].
Experiments are carried out on12 healthy volunteers (4 female and8 male), aged between20 and
35, weight ranged from58Kg to 75Kg, height between1, 58m and1, 78m. Measurements are
taken at2150 meters above sea level. The average temperature is22◦C. The relative humidity is
between60% and75%.
Measurements related toξ4 were based on computing the correlationρ∈R[−1, 1] between each
recorded ECG signal and a fixed reference pattern [135]. The higher this correlation index, the
more accurate the physiological monitoring. As a referencesignal, we used records acquired in a
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Figure 5-2.: Standard locations for ECG measurements used as one of thecategorical variables of
the design set,ξ2.
resting state within a window of1s. In order to account for time shifts between the reference and
the test signals, we considered the maximum correlation index obtained with a set of lagged copies
of the ECG records for each compression level, and the referenc patterns. Fig.5-3a shows the
results of the computedξ4 at everyξ2 as a function ofξ1 and forξ3 = 0◦, whereas Fig.5-3b depicts
the relationship betweenξ4 andξ3, with ξ2 = 1, and as a function ofξ1 too.
















































Figure 5-3.: Results forξ4 under different input values forξ1 andξ2.
Measurements related toξ5, as well as functionality and wearability, were quantified btween0 and
1 [73], being1 the highest degree of comfort, functionality, or wearability perceived by the users,
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and0 the lowest. A standardized questionnaire was filled by subjects, which were trained to rate
each subjective categorical variable. In this way, the score an adapt to different rating scales, such
as in [103, 104, 28, 147]. Fig. 5-4shows additional results for wearability in terms of compression
under different year season.























Figure 5-4.: A comparative plot of the wearability and comfort as a function of the compression
levels to illustrate the season influence on those parameters.
5.2.2. MOOP optimisation results
The MOOP was solved in terms off1 andf2, individually, and concurrently. Since multiobjective
optimization problems are usually formulated in terms of mini isation, we minimised the nega-
tive of functionality (f1) and wearability (f2) instead. The vector−f comprised two objective
functions:−fi(ξ), ∀i = 1, 2, where the first one is the lack of functionality, termed dysfunctiona-
lity (−f1), and the second one is lack of wearability. As wearables should be unobtrusive, hardly
or not perceived by their users [140], the opposite to wearability was termed obstrusivity (−f2).
The following equation states the optimisation problem in these minimisation terms, including the
specific penalty functions used:





s.t. Compression: 6mmHg ≤ ξ1∈N ≤ 14mmHg
Location: 1 ≤ ξ2∈N ≤ 4
Rotation: 1 ≤ ξ3∈N ≤ 4
Correlation: 0 ≤ ξ4∈R ≤ 1
Comfort: 0 ≤ ξ5∈R ≤ 1
(5-4)
Since the decision variablesξ2 (location) andξ3 (rotation) are categorical, the objective function
was estimated by using either multiple–linear or non–linear r gressors based on FNN. In order to
assess the influence of the outcome design variables, the following three models were studied: a
model where the design variable[ξ4] (correlation) was the only output (MI), a model where[ξ5]
(comfort) was the only output (MII), and a model where[ξ4] and[ξ5] were the outputs (MIII). All
these models were considered in linear (denoted as LMx) and non–linear (NMx) versions.
For implementing and solving the FNN regression defined in Eq. (5-2a), the functionfitting neu-
ral network(fitnet) that is an embedded Matlab© procedure, was used. The input parameters
for this function were: 2 hidden layers and Bayesian regularisation. This conventional Bayesian
regularisation minimises the linear combination of the squared errorsr2 and weights, and yields
a good generalisation. According to the estimated values ofthe adjustedr2, FNN provided a bet-
ter fitting than the linear regressor. However, the non–linear procedure demanded a significantly
higher computational cost.
In order to solve Eq. (5-3a), we used the GA–basedgamultiobj solver (Matlab© Global Op-
timization Toolbox). This tool applies a controlled elitist genetic algorithm that is a modification
of the NSGA-II [51], and includes a non–domination criterion based selectionoperator to handle




Linear with categorical variables Non linear with neural networks
Population size 100 individuals
Generations 500 iterations
Crossover fraction 0.8
Pareto front population 0.35
Direction in which migration can take place Previous and next subpopulation Toward the last subpopulation
Population creation function Random satisfying the constrain s
Selection function Tournament
Crossover function Arithmetic Intermediate
Mutation function Uniform Constraint dependent
Table 5-1.: Default parameters of the used evolutionary algorithm.
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The individual results forf1(ξ) are depicted in Fig.5-5. The functionality was assessed by the
users for the entire set of different locations and rotations. The linear regression obtained between
each variable and functionality is depicted as a continuousline in each subplot (a)–(d). Data points
are plotted as circles. The same applies to wearabilityf2(ξ) results, shown in Fig.5-6.
As a result, the estimated linear models are as below:
f1LMI(ξ) = 0,3462 + 0,12193ξ1 − 1,9132ξ2 + 0,5284ξ3 + 0,050696ξ4;
f2LMI(ξ) = 0,53225− 0,11628ξ1 − 2,0403 ∗ ξ2 − 0,0887ξ3 − 0,072784ξ4;
f1LMII(ξ) = 0,11603 + 0,24059ξ1 − 1,0113ξ2 + 0,5472ξ3 + 0,48057ξ5;
f2LMII(ξ) = 0,12137 + 0,060258ξ1 − 0,5721ξ2 − 0,0866ξ3 − 0,72607ξ5;
f1LMIII(ξ) = 0,082659 + 0,24015ξ1 − 0,9514ξ2 + 0,6208ξ3 + 0,074268ξ4 + 0,48436ξ5;
f2LMIII(ξ) = 0,13824 + 0,060258ξ1 − 0,6024ξ2 + 0,0494ξ3 − 0,037543ξ4 + 0,72416ξ5;
Table5-2 shows the results estimated for the fitting of both objectivefunctions,f1 andf2 (signifi-
cance levelα=0,01). For all three models, a linear regression with categorical covariates in Eq. (5-1)
was fitted using thefitlm procedure of the statistics Matlab© toolbox. This functionuses a
least–mean–squares criterion to adjust the regression model parameters. To quantify how well
each estimated model fits the data, the coefficient of determination (r) was computed. 73.6 % of
the wearability (f2) variance is explained using the linear model with the5 predictors (LMIII).
However, the goodness of fit suggests that the linear approach is not able to adequately predict
the functionality. Fig.5-7shows the scattered plots generated by each case of regression tested for
every output variable. As depicted, FNN yields a more accurate fitting.
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Objective
Predictors
Coefficient of determination (r)
function fn Linear regressor FNN
Functionality
ξ1, ξ2, ξ3, [ξ4] 0.18767 0.56778
ξ1, ξ2, ξ3, [ξ5] 0.48498 0.77891
ξ1, ξ2, ξ3, [ξ4], [ξ5] 0.48237 0.80344
Wearability
ξ1, ξ2, ξ3, [ξ4] 0.19002 0.59549
ξ1, ξ2, ξ3, [ξ5] 0.73312 0.88013
ξ1, ξ2, ξ3, [ξ4], [ξ5] 0.73611 0.8747
Table 5-2.: Model fitness evaluated by the coefficient of determination. Notation[ ] stands for the
fixed output variable.
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Figure 5-5.: Relationship found between perceived functionality andeach design variable. The
continuous lines correspond to the linear regression obtained, and the circles to data
points.
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Figure 5-6.: Relationship found between perceived wearability and each design variable. The con-































































































































































































Figure 5-7.: Model fitness computed for each assessed type of regression.
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Table5-3 shows the results for the solution vectors after optimisation for all the models studied,
including functionality, wearability, and the global optimisation. Each vector is referenced by a
number (#1:18), being the points of maximum functionality enumerated from 1 to 6 (#1:6),
maximum wearability from 8 to 12 (#8:12), and the best trade–off from 13 to 18 (#13:18). All
these points are graphically represented in the Pareto fronts of Fig.5-8. The iterative search strategy
yields a set of trade–offs that shape a particular configuration for each objective function model.
Every point of the Pareto front denotes one particular configuration of the WSM to be considered.
# Maximum functionality
Regression model ξ1 ξ2 ξ3 ξ4 ξ5 −f1 −f2
1. LMI 13 2 124 0.5669 – 0.2000 0.1538
2. LMII 14 1 135 – 0.9995 -0.5267 -0.7358
3. LMIII 14 1 133 0.7998 0.9998 -0.5891 -0.7129
4. NMI 13 3 90 0.5125 – -1.0000 -0.9631
5. NMII 12 3 100 – 0.9460 -1.0000 -0.9938
6. NMIII 13 2 65 0.6068 0.7052 -1.0000 -0.7862
# Maximum wearability
Regression model ξ1 ξ2 ξ3 ξ4 ξ5 −f1 −f2
7. LMI 13 2 1248 0.5669 – 0.2000 0.1538
8. LMII 11 4 135 – 1.0000 -0.4777 -0.7573
9. LMIII 14 1 134 4510 1.0000 -0.5570 -0.7288
10. NMI 13 3 89 0.5076 – -0.9986 -1.0000
11. NMII 12 3 100 – 0.9461 -0.9839 -1.0000
12. NMIII 12 3 98 0.8294 0.9766 -0.4224 -1.0000
# Trade-off
Regression model ξ1 ξ2 ξ3 ξ4 ξ5 −f1 −f2
13. LMI 11 1 0 0.4009 – 0.2000 0.1538
14. LMII 14 1 135 – 0.9995 -0.5267 -0.7358
15. LMIII 14 1 133 0.7998 0.9998 -0.5891 -0.7129
16. NMI 13 3 89 0.5076 – -0.9986 -1.0000
17. NMII 12 3 100 – 0.9462 -0.9984 -0.9967
18. NMIII 13 3 98 0.8301 0.9761 -0.9885 -0.9889
Table 5-3.: Solution vectors after optimization
5.2 Experiments and results 75







































































































































Figure 5-8.: Pareto fronts using linear (top) and non linear regressions (bottom)
6. Discussion and Concluding
Remarks
Discussion is structured in three parts.
WMS will soon become standard practice in the physiologicalmonitoring realm. However,
there still exists a number of open design issues that can pose a real barrier to their adoption.
WMS are governed by a set of antagonistic variables that are difficult to optimise in order
to achieve the expected performance. This work addresses thi problem for the specific case
of cardiac monitoring using WMS presenting three groups of methods for: data acquisition,
signal processing and WMS optimisation have been developed.
This discussion is structured as follows: Section6.1presents the research findings regarding
the methods used to develop WSM and observations for the validation of the hypothesis.
Section6.2 is an analysis of the results of the proposed signal processing methods. In Sec-
tion 6.3the proposed techniques for WMS optimization are discussed.
6.1. WMS Hardware
A model based on the Cassie-Baxter equations for sensing usinanocoated conductive fibers is
proposed. The manufactured garments with covered textilesare uperhydrophobic, and the textile
feeling is preserved. It is believed that a change in color isdue to diffraction effects on the semi-
crystalline structure made by the particles that vary in size and distribution, causing a shift of light
wavelengths and decreasing the percentage of visible transmitted light, making the garment a little
darker. To achieve an optically transparent coating, particles should not exceed200 nm in diameter
and must transmit at least90% of incident light in a wavelength range of300nm to 1500nm [179].
The small fibers of conductive thread come in contact with thepatient’s skin, and also can pass
through the matrix of nanoparticles. Our model consists in relating the contact angle of a liquid
in an air solid compound interface (θc), the fraction of water-solid interface area (f1) and the air
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water interface (f2). It is assumed that contact between the fiber surface and thedrop (f3) forms a
new air water (hydrophobic solid) (conductive fiber) interface.
Further, silicon dioxide nanoparticles are applied on the surface of the textile electrodes to preserve
conductivity and create superhydrophobic properties. Testing on a constructed explanatory model
shows that the best result is performed when the contact angles (between the fluid and the fabric)
exceed150◦, while the electrical resistivity remains below5Ohm · cm, allowing an acquisition
of high-quality electrocardiograms in moving patients. Thus, this tool represents an attractive al-
ternative for medium and long-term measurements, preserving the textile feeling of clothing and
working under motion conditions.
Then, based on the concepts of functionality, wearability,and resources, we develop a new long-
term ECG monitoring system under thew ar-and-forgetprinciple. We also propose a system mo-
del of the electrode-skin interface that performs real-time easurements with a minimally invasive
effect when compared with another competitive and implantable systems. As a result, testing of de-
signed prototype shows that the developed very long-term ECG monitoring patch improves energy
consumption and adhesion time up to40 days.
The low compression garments are susceptible to strong moveents causing baseline wandering.
A good contact with the wearer’s skin is ensured by using a flexibl filling material inside the
textile electrodes. Acquisition using this t-shirt in a moving patient shows the presence of good
quality ECG features, such as P wave, QRS complex, and T wave.
Also a model to represent the electrode-skin interface during the acquisition of bio-potential by
direct contact, through the ionic interface, and by capacitive coupling. This model helps to predict
the ECG signal quality as a function of the impedance: eitherzero impedance (firm contact) or
inducing a high impedance (capacitive domain). In the latter case, the model predicts that the dry
contact sensors can get an adequate trade-off between functionality and wearability, provided that
the sensor keeps a uniform and firm contact with the skin.
In order to achieve a stable and dry contact for long-term ambulatory ECG, a new patch-type
monitor is presented, which improves contact thanks to its high-quality adhesive ability. From
the patch tests, it is concluded that there is a relationshipbetween time of adhesion and contact
surface, i.e. a larger area and a longer adhesion. As a result, despite the natural exfoliation of the
skin, the developed patch can remain attached for over a month. Since it is unlikely that dry contact
electrodes ever replace the adhesive [42], applications of continuous ambulatory monitoring find a
suitable option in non-irritable and of long-term dry sensors.
The patch is competitive in comparison to other state-of-the-art products, particularly, against the
second electronic skin and the electronic Tattoo of Rogers et al. [97] ( both get out after two weeks
due to natural exfoliation). The proposed path also overperforms the IMEC that continuously moni-
tor and transmit data, at the most, for a month, but transmitting only heart rate, and with a thickness
greater than1 cmwhich affects the system wearability [4].
The presented patch also provides advantages compared withthe system developed in [210] since
the developed patch looks more flexible and discrete becauseof its 3mm thicknesses. It works
during the shower and is energetically autonomous for several days. It does not need other gar-
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ments to perform activities lasting less than24 hours, like taking a shower or using small clothes.
Also, it is rechargeable during the use and provides continuous ECG transmission for time periods
exceeding40 days.
The wearable cardiac patch was able to perform a very long term monitoring of a volunteer (moni-
tored for more than two years). As result, the developed WMS was useful to diagnose a paroxysmal
supraventricular tachycardia in the volunteer. Accordingto previous records of the volunteer, obtai-
ned with traditional technology, the patient did not presented arrhythmias. The improved diagnosis
performed with the developed technology, conducted to a change in treatment, proceeding directly
to cardiac catheterization with ablation, which cured the patient.
It is evident the capacity of the WMS developed using the proposed models, to provide a deeper
understanding of the cardiac arrhythmias, as well as higherperformance to diagnose them. The
hypothesis (Section1.3) is validated, because the developed WMS was successfully used for real
time, long-term processing and ECG monitoring, increasingthe likelihood of find episodes usually
not detected in short-term monitoring.
Finally, a tool to acquire contextualized biosignals in moving patients is developed using accelera-
tion measurements. The proposed multichannel acquisitionope s the possibility of increasing the
number of measured variables, including temperature, moveent and blood pressure, to establish
cross correlations between different biosignals [124].
As future work, it is planned to carry out testing for adhesion regarding transpiration and analysing
in detail reusable adhesives without chemicals, such as self-cleaning adhesives based on the Van
der Waals forces with Gecko effect [97]. It also could focus on the study the mechanisms of adhe-
sion of nanoparticles to textile fibers, to improve durability, and of the equal way other applications
of smart textiles could be considered for sectors such as military and food industry. Reducing power
usage when acceleration is measured; optimize the computational cost and improving acceleration
measures for strong movements, as well as using it as an indicator of calories consumption, tremors
in patients with neuro-degenerative diseases or a fall detector for older adults.
6.2. Signal Processing
Three methods that can be used for ECG signal processing in wearabl devices were proposed. An
algorithm for scoring the quality of measured ECG recordings is developed. Particularly, a quality
score is provided that takes into account the proportional correlation observed in acceptable signals
based on a diversity scheme, and their inverse relation withstandard deviation. Testing of proposed
algorithm is carried out upon two different databases; the first one is of own production while the
second one is obtained from Physionet. As a result, high values of sensitivity and specificity are
achieved.
Detailed analysis of each recording belonging to Physionetdatabase shows that some signals are
wrongly labeled, mainly, because any of the electrodes remains unplugged during data acquisition
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(verification shows constant value during recordings). Moreover, some of labeled as unaccepta-
ble recordings show a high correlation-based score meaningthat, mainly, the recording structure
remains uncorrupted. In other words, it is likely that recordings hold high values of baseline wan-
dering, which can be removed by any conventional high pass filtering approach.
The proposed algorithm for quality scoring also includes a diversity scheme, requiring low compu-
tation burden, but improving the quality of estimated scores. Overall, the quality scoring algorithm
can be programmed into wearable devices improving their effectiveness and robustness. Discussed
quality score holds easy interpretation: the higher the score, the more reliable its acquisition. In
practice, to make a concrete decision of whether any recording is suitable for diagnosis purpose, a
working threshold is to be empirically fixed, which in a concrete case is fixed as0,8.
From estimated results shown in Fig.4-9a and Fig.4-9b, it can be inferred that the inclusion
of embedded signal generator, in the wearable ECG devices for self-calibration purpose, can be
a proper way to increase the hardware acquisition quality, in terms of reducing the influence of
possible disturbances caused by any patient’s movement.
In baseline wander removal stage, Table4-2 shows that fast DWT has lower computational cost
than the single median and double median methods; DWT with moer Wavelet symlets order9 had
the lowest distortion and was the technique selected to the implementation. To remove power line
interferences, DWT has similar performance than Kalman filter proposed by [13]. However, DWT
is simpler to implement and has lower computational cost. Additionally, using DWT, the algorithm
to remove power line and baseline could use the same Wavelet decomposition that simplified the
method.
The unbalanced nature of the decomposition tree generated by the discrete Wavelet transform
(DWT) causes that the analysis or study the energy distribution of the signal is unfeasible. On the
other hand, by using the balanced tree returned by the AWPT allows to identify energy distribution
for each sublevel index. Fig.4-5shows the structural difference between balanced and unbala ced
decomposition trees.
Analysis of the relative energy distribution in the(8, 0) to (8, 15) sub-bands shows that these sub-
bands contain major concentration than the remaining and changes in the signal characterization.
From the overall set of recordings, distinctive sets were chosen to show some results, for both
arrhythmia and atrial fibrillation databases.
Table4-4shows a comparison between KNN and SVM using three differentfeatures spaces. SVM
prediction algorithm has lower execution time than KNN in the ree feature spaces; KNN has mo-
re computational cost because the algorithm to calculate the shortest distance has many iterations.
Prediction algorithm of SVM after kernel calculation only executes the dot product between dis-
tances vector and the trained weight vector. These results show than although SVM is most robust
than KNN no necessary has more computational cost.
Feature space with Wavelet coefficient (160 dimensions) had the better specificity with99,06.
However, the better sensitivity was obtain using PCA applied to Wavelet coefficient and selected
10 principal components. Method using PCA has the best relation between sensitivity, specificity,
and computational cost and was the method selected for the final application.
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Efficient detection of pathologies is possible from normal signals employing Wavelet Packets de-
composition, and simple statistical parameters such as standard deviation of the distributed relative
energy.
Spectral approach from the Wavelet coefficients makes possible an ECG analysis regardless chosen
channel, since information is not dependant of the signal morphology or amplitude, but still relating
with frequency. Also, it was presented an approach to determin pathology existence, through a
filter bank that is, in contrast to adaptive techniques, computationally more efficient. We propose as
a future works to analyze and compare other parameters such aentropy, at different decomposition
levels and filtering during preprocessing stages assessingthe spectral information of the signal.
A method for PCV detection was implemented, DWT was used to preprocessing with a lower
computational cost than other tools with similar performance, DWT was also used for segmentation
and feature extraction making the method simpler and with low c mputational cost. Ten principal
components of Wavelet coefficients were used in the feature vector, and SVM was selected as
Classifier. SVM is a robust method; however, its prediction cmputational cost is lower than KNN.
The method developed could be implemented in real time application because its computational
cost is reduced. In the future, the developed method will be implemented in embedded system to
real-time applications in wearable cardiac devices.
Future work may focus on how to increase the rate of effectiveness, correlating additional measures
to an electrocardiogram, such as motion detectors with embedded accelerometers, and sensors for
respiratory rate.
6.3. MOOP Design Methodology
It is proposed a multi–objective WMS design scheme for electrocardiogram recording. The MOOP
framework described includes a set of design variables thatmus meet the requirements of the ob-
jective functions selected, enabling the optimisation of the WSM design in the context of ambula-
tory cardiac assessment.
Although a number of cost functions has been proposed for thedesign of healthcare devices ( Ta-
ble 2-2), computationally expensive and very time–consuming criteria were not included in the
present study for practical reasons. The design space recommended comprises only two objective
functions: functionality and wearability, and a selected subset of five variables (see Table2-3):
Skin contact, sensor location, sensor rotation, correlation, and comfort. The first three variables
(hardware) were fixed (input variables), and the later two were measured (outcome variables).
The heuristical approach was based on a regression analysis. Both linear (multiple–linear regres-
sion model) and non-linear regressions (FNN) are studied, an c tegorical variables are involved.
The linear fit accounted for a moderate-low variance relatedto each objective function. FNN–
based nonlinear regression provided a better fitting than the linear regressor, but at the expense of
a higher computational cost.
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The estimated Pareto front depicted the best trade–off between functionality (features technical
functions in an efficient and friendly manner) and wearability (ergonomics and fashionability is-
sues). A non–linear modelling should be used to optimise theobj ctive functions since they reflect
the required penalty functions. Although non–linear regressors demand more computational re-
sources, their goodness of fit justify their use.
There is no clear relationship between the correlation variable and each objective function (Figs.5-5
and5-6), especially in the case of wearability, whereas the relationship between the comfort va-
riable and functionality is inverse, and proportional for cmfort–wearability. As a result, the best
set–up for functionality is: compression16mmHg, sensor located at xiphoid (location 1), and sen-
sor rotation0◦. The best set–up for wearability is: compression6mmHg and sensor located at
xiphoid. There is no significant influence of sensor rotationon wearability.
The use of a MOOP framework is a powerful tool for the design ofcardiac monitoring systems
since it may interplay cost functions with very conflicting goals. A MOOP framework was used
to address the estimation of the regression models to reflectpenalty functions for wearability and
functionality simultaneously. The Pareto front, computedusing Genetic algorithms, showed that
the optimal solution excludes the correlation as a design variable. This conclusion is more evident
for the FNN regression models as seen in Table5-3. Therefore, the best set–up in terms of trade-off
between both objective functions for the WSM design was: compressionξ1=7,7836mmHg, sensor
position at left clavicle (location 3), and rotationξ3=35,2259◦.
Location atξ2=3 yielded the highest ECG quality (Table5-3), exhibiting a linear relationship bet-
weenρ andξ1 (Fig. 5-3a). As a consequence, ECG quality improved as the compressionincreased
within the interval ranging from6 to 14mmHg. Below6mmHg, the sensor adherence is weak, and
the ECG may become very noisy. On the other hand, the hemodynamics may be affected when
the pressure exceeds14mmHg, constraining the chest’s expansion seriously. The rest of locations
provided a significant lower correlation, mainly forξ1 ≤ 12mmHg. As for the influence of the
rotation on the ECG quality (Fig.5-3b), ξ3 = 135◦ yielded the highest correlation by far.
Regarding the individual functionality results, the skin contact increased the functionality, as seen
in Fig. 5-5a, but it decreased with the location (Fig.5-5b). The maximum functionality was found
for a rotation ofξ3 = 0◦ (Fig. 5-5c). The relationship between the estimated functionality and the
correlation index or the comfort was more scattered (Figs.5-5d and5-5e).
Wearability decreased as skin contact pressure raised (Fig. 5-6a). This finding is in accordance with
similar results, as those discussed in [199]. This relationship can vary depending on the season of
the year [157]. According to the results shown in Fig.5-6e, wearability and comfort exhibit a clear
direct relationship. The rest of variables seem to have a negligible influence on wearability.
The numerical solutions listed in Table5-3and graphically depicted using Pareto fronts in Fig.5-8
will be discussed separately next. For the maximum functional ty (f1), the analysis of the solu-
tions#1:3, #7:9, and#13:15, suggests that linear regression models are inadequate to optimise
f1. Nonetheless, the inclusion of all five variables simultaneously (LMIII) increases the level of
wearability (f2) as seen in#3. A detailed analysis of the solutions#4:6 can conclude that the
functionality is more strongly related to the quality of thedata acquisition (ξ4), although the maxi-
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mum wearability is achieved when this variable is not included (NMII). In all these cases, however,
an acceptable level of wearability is achieved (f2 > 0,68).
In the case of wearability, all solutions#9 : 11 achieve the maximal values. Moreover, the so-
lutions based on neural networks imply less compressionξ1, and the comfort increasesxi5 (see
vector#12). However, globally, the solution#11 is the optimal in this case.
The solution to be selected for the WSM design should meet thebest trade–off between both ob-
jective functions. Among the linear modelled solutions (#13 : 15), the point including all five
design variables (#15) yields the best one for this set. However, the FNN–based solution #17
further minimises the euclidean norm and reaches the overall best trade–off. This solution pre-
dicts a functionality (f1=0,9834) and wearability (f2=0,9896) with the following input variables:
compressionξ1=7,7836mmHg, sensor locationξ2=3, and rotationξ3=35,2259◦. Nevertheless, the
solution#17 implies the exclusion of the correlation variable (ξ4) from the objective function
modelling.
Additional work in the WMS realm should be devoted to exploremore strategies of Pareto front
computation for constrained objective function optimisation. Future work extending this study,
should cover other important cost functions, such as the effect of gender differences over the ob-
jective functions, power consumption (short battery life)and usability (lack of user acceptability,
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Wray ; GAVALD Á, Ricard ; GUO, Shengbo: In:ACM Trans. Intell. Syst. Technol.5 (2013),
Nr. 1 17
[209] YAN, Long ; YOO, J. ; KIM , Binhee ; YOO, Hoi-Jun: A 0.5-uVrms 12-uW Wirelessly
Powered Patch-Type Healthcare Sensor for Wearable Body Sensor Network. In:Solid-State
Circuits, IEEE Journal of45 (2010), Nov, Nr. 11, S. 2356–2365. – ISSN 0018–920011
[210] YAN, Long ; YOO, J. ; KIM , Binhee ; YOO, Hoi-Jun: A 0.5-uVrms 12-uW Wirelessly
Powered Patch-Type Healthcare Sensor for Wearable Body Sensor Network. In:Solid-State
Circuits, IEEE Journal of45 (2010), Nov, Nr. 11, S. 2356–236523, 28, 34, 77
[211] YANG, Geng ; CHEN, Jian ; XIE, Li ; M AO, Jia ; TENHUNEN, Hannu ; ZHENG, Li-Rong:
A Hybrid Low Power Biopatch for Body Surface Potential Measurement. In:IEEE J. Bio-
medical and Health Informatics17 (2013), Nr. 3, S. 591–599
[212] YAO, Linjia: Secret Key Generation for Body-Wearable Wireless Sensor Devices, Disserta-
tion, 20089, 12
[213] YU, L.M. ; TAY , F.E.H. ; GUO, D.G. ; XU, L. ; YAP, K.L.: A microfabricated electrode
with hollow microneedles for ECG measurement. In:Sensors & Actuators: A. Physical151
(2009), Nr. 1, S. 17–228, 9
[214] ZHENG, Chong Y.: Full Body Wearable Instrumented Motion AnalysisSystem. In:Bioin-
formatics and Biomedical Engineering , 2009. ICBBE 2009. 3rd International Conference
on, 2009, S. 1–416, 17
[215] ZHENG, Ya-Li ; DING, Xiao-Rong ; POON, C.C.Y. ; LO, B.P.L. ; ZHANG, Heye ; ZHOU,
Xiao-Lin ; YANG, Guang-Zhong ; ZHAO, Ni ; ZHANG, Yuan-Ting: Unobtrusive Sensing and
Wearable Devices for Health Informatics. In:Biomedical Engineering, IEEE Transactions
on 61 (2014), May, Nr. 5, S. 1538–15542, 6
[216] ZIARANI , Alireza K. ; KONRAD, Adalbert: A nonlinear adaptive method of elimination of
power line interference in ECG signals. In:EEE Trans. Biomed. Engineering49 (2002),
Nr. 6, S. 540–54713, 56, 57
[217] ZITZLER, E. ; THIELE, L.: Multiobjective evolutionary algorithms: a comparative case
study and the strength Pareto approach. In:Evolutionary Computation, IEEE Transactions
on 3 (1999), Nov, Nr. 4, S. 257–27161
